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The overall process of antimicrobial drug discovery and development seems simple, to cure
infectious disease by identifying suitable antibiotic drugs. However, this goal has been
difficult to fulfill in recent years. Despite the promise of the high-throughput innovations
sparked by the genomics revolution, discovery, and development of new antibiotics has
lagged in recent years exacerbating the already serious problem of evolution of antibiotic
resistance. Therefore, both new antimicrobials are desperately needed as are improvements
to speed up or improve nearly all steps in the process of discovering novel antibiotics and
bringing these to clinical use. Another product of the genomic revolution is the modeling of
metabolism using computational methodologies. Genomic-scale networks of metabolic
reactions based on stoichiometry, thermodynamics and other physico-chemical constraints
that emulate microbial metabolism have been developed into valuable research tools in
metabolic engineering and other fields. This constraint-based modeling is predictive in
identifying critical reactions, metabolites, and genes in metabolism. This is extremely useful
in determining and rationalizing cellular metabolic requirements. In turn, these methods
can be used to predict potential metabolic targets for antimicrobial research especially if
used to increase the confidence in prioritization of metabolic targets. The many different
capacities of constraint-based modeling also enable prediction of cellular response to
specific inhibitors such as antibiotics and this may, ultimately find a role in drug discovery
and development. Herein, we describe the principles of metabolic modeling and how they
might initially be applied to antimicrobial research.

© 2005 Elsevier Inc. All rights reserved.

1. Introduction

clinically, neither is a broad-spectrum drug that can be used in
the community. It was hoped that the promise of genomics

The age of antibiotics blossomed in the 1940s with the
introduction of penicillin, followed by several other classes of
antibiotics. Unfortunately, not only does resistance frequently
evolve to antibiotics but the chemical diversity of antibiotics
and the cellular processes targeted by commercially viable
antibiotics is limited [1]. Unfortunately, the FDA has approved
very few new classes of antibiotics such as the oxazolidinones
and daptomycin in the last decade [2]. Though both are useful
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would break this impasse [3,4] by generating lists of novel
targets that could be screened for novel inhibitors that could in
turn, be developed into new drugs. Instead, thousands of novel
genes have been discovered, nearly all still remain unchar-
acterized as to function, a few have had qualities suitable as
antibiotic targets [5,6], and practically no novel antibiotics
have survived preclinical development. This situation and its
causes have been reviewed extensively [2,5-10].
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High-throughput methods might help with these issues. For
instance, essential gene targets can be identified via insertional
mutagenesis [11-15], using antisense expression [16-18], and by
bioinformatic conservation [13,19,20]. However, broad conser-
vation of a gene does not mean that it is a good target nor is it
without artifacts due to the somewhat arbitrary choice of
conservation filters [20,21]. High-throughput experimentation
has generated large numbers of potential essential genes
(‘essential’ will be defined as necessary for viability on standard
rich medium in the laboratory even though this may vary for
different species/media while ‘in vivo essential’ or ‘virulence’
are necessary for infection of the host); sometimes up to 25% of
the cellular complement has been found essential [12,14,18,
22,23,11] but these results appear to be in conflict with the
traditional, gene by gene knockout methods that have found
essential genes in number between 6 and 17% of the cell’s total
[24,25]. This means that each ‘essential’ gene found by a high-
throughput method must be confirmed through directed
knockout and its orthologs in each target pathogen must be
similarly validated. High-throughput methods to discover the
mode of action of potential antibiotics have been described [26-
28] that promise to identify functions of potential drugs or to
deprioritize non-specific inhibitors. However, a target profile
generated by one of these methods does not prove the actual
target; lacking are the means to predict what a profile should
look like. In place of this, controls using known antibiotics and

Knowledge of
Microorganism used to
build model of metabolic

antifungals are utilized but these cannot tell researchers how
unrelated compounds targeting a different spectrum of targets
will act. Similar profiling, or lack of it, could handicap drug
screening, including methods based on cell-based assays. In
these systems, hit screening compounds are usually chosen
with statistical assumptions based on control well performance
[29,30]. It is possible to imagine that improved modeling of the
performance of cell-based assays could improve identification
of specific inhibitors regardless of potency and allow for
elimination of highly potent poisons. Doing so, might speed
up drug development by both advancing useful compounds and
rapidly eliminating problematic entities. Metabolism hasbeen a
potent source of antibiotic targets and metabolism is particu-
larly amenable to theoretical modeling [1].

2. In silico modeling

In less than 20 years, the fields of theoretical microbiology and
industrial microbiology have experienced a revolution in
methodology partly due to the introduction of mathematical
modeling of cellular, specifically microbial, metabolism that
can be applied to create simulations of the flux through the
metabolic pathways of a hypothetical, ‘in silico’, cell [31,32]. As
shown in Fig. 1, genome-scale metabolic models can today be
constructed from the knowledge of the organism’s genes,
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Fig. 1 - Constraint-based modeling with genome-scale metabolic models. This schematic illustrates the nature of an in silico

metabolic model including input and output information. These models are built with information from genome

sequences, annotation, bioinformatic processing, relevant literature, and experimental data to create a network of the
metabolic reactions of a microorganism. In SimPheny™ [33,42], the network is mass and charge balanced and operates
using reaction stoichiometry and thermodynamics. Considerable effort is needed to ensure that the model is representative
of the actual cellular metabolic network and is as complete as possible. Input information consists of in silico “nutrients”
which, with modeling of the reaction network, predict the output in the form concentrations of cellular components, total

biomass, and growth rate. Constraints include simulation of growth conditions, reaction stoichiometry, and
thermodynamics. A variety of computational methods are used to simulate metabolism. Results are in the form of

predictions about gene essentiality, conditional gene essentiality, growth rate, biomass, energy needs, and production of

metabolites.
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physiology, proteomics, and anything else that might aid in an
accurate depiction of the metabolic network unique to each
species. These models provide accurate representation of
metabolism in a manner that is consistent with the known
genetics and biochemistry of the organism, and in a format
amenable for computational interrogation. Constraints can be
applied to the model in the form of substrate availability,
energy requirements, and objectives such as growth, reaction
stoichiometry, and thermodynamics. Finally, the in silico
model, really a set of programs, produces results in the form of
ability to generate biomass, metabolic byproduct formation,
energy usage, growth rate, and growth yield as shown on the
right of Fig. 1. Simulations can be modified by varying the
inputs, altering any component of the network, or by
specifying the objective (i.e., biomass, growth rate, and a
specific metabolite). This general in silico modeling approach
of building a genome-scale model, applying constraints to
impose restrictions on the system, and then exploring feasible
phenotypes is referred to as the constraint-based modeling
(CBM) methodology [32]. This technology is useful because it
generates predictions about the state, path, or outcome of
metabolic processes. In the field of metabolic engineering, this
can be applied as a quality control, as means of predicting
improved solutions to fermentation problems, and for
identifying feasibility of a particular process [33,34].These
modeling methods have been used to predict gene essentiality
under a variety of conditions [35], response or alterations in
metabolism by changing or limiting certain reactions or
pathways [36], and for predicting optimal growth [37]. Some
of these predictions have been tested against experimental
evidence both to test the quality of the model [37] and also to
predict, successfully, the capacity of a cell to evolve a more
optimal solution to growth [38].

Each of these characteristics of metabolic modeling demon-
strates the applicability of applying predictive modeling
solutions to real life issues in microbiology. However, there
are many methods for modeling. For instance, one might model
eachreaction of cellular metabolism using the kinetic constants
and constraints unique to each reaction [39]. In practice, kinetic
modeling is extremely complex and is further limited because
of the radically different milieu of the cell versus the
biochemist’s assay [39]. Descriptive pathway databases such
as KEGG [40] compile huge amounts of information but these do
not constitute models capable of running simulations that can
in turn, generate testable hypotheses [41].

If the goal of modeling s to construct models of systems that
exactly parallel and exactly predict the real metabolic network,
the level of complexity will be too high for any model to
currently achieve. If instead, a genome-scale network based on
reaction stoichiometry were created, the number of possible
solutions would appear to be too high to feasibly determine
[32,42]. However, by imposing constraints, including realistic
growth and biomass yields and finite inputs to the network, the
models generate a more limited numbers of solutions. This
constraint-based modeling [32,42] enables researchers to
generate realistic solution sets that are testable experimentally.
The conceptual construction of this process is shown in Fig. 1.
In stoichiometric CBM, the computer program describes a
matrix of the reactions of the reconstructed metabolic network.
A variety of mathematical solutions, not discussed here, are

applied to operate this matrix and to return results. If the model
were unconstrained, an infinite number of possible outcomes
could be generated. Such unbounded results might reflect
infinite carbon and energy availability or other unlikely
scenarios. To avoid this nonsense, and to create simulations
that generate testable hypotheses, constraints to the model
performance are introduced. These constraints may include
limits on available substrates, known thermodynamic rever-
sibility of reactions, and the required outputs of the cell in
terms of predicted growth or energy yields. Clearly, any type of
constraint that can be represented quantitatively can be
introduced. For instance, individual reactions can be turned
off to simulate gene deletion mutations or enzymatic inhibi-
tion. A map of a simplified cellular model and corresponding
reaction network is presented in Fig. 2. This example depicts
how a reaction (and corresponding) gene is essential, non-
essential or how synthetic lethals may result. A reaction may
be conditionally essential as in the example in Fig. 2, if
component C was supplied, the lethality caused by deletion of
reaction 1 (Rxnl) would be blocked and biomass production
allowed. Alternatively, reactions can be limited or turned down
to minimal flux values that still permit growth but otherwise
represent perturbations of the network. Applying appropriate
limitations or constraints generates testable hypothesis by
running simulations and then comparing the results with the
results of controls with ‘wild-type’ constraints [32,42]. In these
myriad ways, CBM can mimic, and model, growth rate,
mutation of genes to measure essentiality, prediction of how
an impaired cell responds, production of metabolites, and
measurement of optimality. In turn, this can test hypotheses;
experimental data can be used to refine and correct models
[37,43] and expression and metabolomic data can be used as
constraints [32,44,45]. CBM is a mathematical way of con-
structing and running genome-scale networks that creates a
matrix based on mass balance, known transporter (uptake)
capacity, thermodynamic limits, and other physico-chemical
constraints that can be incorporated into the system and are
then used to generate data on the range of fluxes permitted
through the metabolic network [32,42]. CBM allows building
and testing of these models in an iterative way and, though not
the only modeling method, has a long and successful record in
the field of in silico modeling and computational systems
biology [32,42]. The ability to apply almost any sort of
constraint, including gene expression [43—45] or other regula-
tory features can be used to increase the concordance with
reality of the model [44,46]. Critical to the success of a CBM
model is accurate representation of the metabolic network and
of the organism’s biomass constituents [32].

Practical application of CBM has been made in the field of
metabolic engineering. When the goal is to optimize synthesis
of a metabolite through alterations of a microbial strain, the
large number and complexity of the potential answers
demand systematic means to generate the required strains.
An example of this is in the metabolic engineering of
Escherichia coli for improved lycopene production [47,48].
Stoichiometric flux balance analysis was used to predict the
necessary gene knockouts that ultimately resulted in a 40%
increase over an already high-producing parent [47]. These
and other [49] studies indicate the facility of a form of CBM
to predict a useful path for strain engineering but also
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Fig. 2 - Metabolic modeling of reaction dispensability. A. Highly simplified model of a cellular metabolic network. Growth of
the hypothetical cell is measured by the objective function “DM_GRO”, consisting of biomass products D and E. In this
network, transporters (TransA, etc.) for A, C, and D allow input of these extracellular medium components unless
constrained. The intracellular network of reactions (Rxn1, 2, etc.) takes each component to produce the biomass (D and E).
Constraints applied include extracellular medium (A supplied, no G, D, or E in this example), the direction of the reactions,
and the output in the form of biomass. Due to the simplicity of this network, there are three possible results if one or more
reactions or transporters are removed: non-essential, essential, or synthetic lethal. In the particular example shown, A is
supplied but no G, D, or E are in the extracellular medium. The objective function is production of biomass (D and E) though
in real networks, many more objectives are possible. B. Results of deleting reactions or transporters in the network given in
A. Therefore, deletion of reaction 1 (Rxn1) or transporter A (TransA) would block biomass output in the form of DM_GRO and
be deemed essential (or conditionally essential if supply of C were possible). Certain combinations of deletions are
synthetic lethals (e.g., Rxn2 and Rxn3) because synthesis of a biomass constituent is blocked by removal of two reactions
and not by a single reaction. Non-essential deletions result when loss does not block the biomass (objective function)
synthesis either directly or indirectly. Imagining that A is a carbon and energy source such as glucose while C, D, and E are

amino acids or other nutrients, and D and E are components of the cellular biomass. The constraints applied might
represent minimal medium (A present but no C, D, or E), the thermodynamic reversibility of the reactions within the
network, and output composition (biomass) whereas supply of all extracellular components, as with rich medium would

substantially alter the results.

demonstrated that gene regulation and kinetic effects also
may influence the results [47,48].

Already, such models have been employed in pathogens of
interest to antibiotic developers including Helicobacter pylori
[50,51], Haemophilus influenzae [46,52], Staphylococcus aureus [53],
and E. coli [54-57]. These, and other models, have been utilized
to predict gene essentiality [52,54,55,58], nutrient require-
ments [35,37,46,59], and evolution towards optimal growth
[38,60-62]. The latter capacity may seem non-obvious but
actually offers potential examples of how bypass or other
compensatory changes in metabolism can evolve under the
right conditions [61].

3. In silico essential gene prediction:
antimicrobial target identification and
prioritization

Over the last decade, computer models of the metabolism of
several species of bacteria and yeast have been built [32] and
some subsequently updated or rebuilt [56,57,63]. Retrospective
validation of models is often by deletion of genes and
comparison of predicted growth to ‘real’ growth. This is an
independent validation of model performance because in

silico models are not constructed from essentiality data, per
se, but from knowledge of metabolism; if the metabolic
knowledge is correct and complete then the predicted gene
deletions will be concordant with the experimental work. If
alternative or bypass pathways do exist and are not recorded
in the model, then the model will fail to correctly predict the
essentiality of a given gene or reaction. Alternatively, a model
might overestimate the number of redundant reactions or
pathways; this can be due to errors in annotation and
unaccounted regulation. Equally true, each component of
the reaction network may be present in the target organism
but not expressed under the conditions to be examined.
Assuming that a model is complete enough to replicate the
metabolism of the target organism, then it can be tested via
simulation. For instance, if the objective function is the
cellular constituents or biomass produced by the organism,
then each gene in the model may be tested by deletion.
Blocking production of biomass (i.e., growth) allows one to
identify the reactions and associated genes that are essential
for viability or growth under the substrate environment/
nutrient conditions used. Therefore, within a metabolic
model, one can predict the complement of essential genes,
the complement of growth impairing genes, and the comple-
ment of non-essential genes computationally. Between 75%
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and 89% of the predicted deletions were found correct via
experimental confirmation [35,50,55,58,63]. In one of the very
first of these efforts, Edwards and Palsson [55] deleted 79 genes
of an E. coli metabolic model, 68 of these proved to be
concordant with the experimental observations (86% perfor-
mance). Subsequently, other models have performed simi-
larly. For example, a large-scale deletion of 599 genes in a
model of Saccharomyces cerevisiae metabolism had 87.8% of the
deletions agreeing with experimental observations [58]. An
expanded model of the gastric ulcer pathogen, H. pylori,
correctly predicted 75% of gene deletions [63] while earlier
versions of the same model were correct 69% of the time [50],
showcasing the effects of updating and re-evaluating model
content. A variety of phenotypes resulting from null muta-
tions were correctly predicted in a S. cerevisiae model
approximately 70-80% of the time [35]. While gene deletion
studies can be performed with almost any model, a lack of
published, high quality data on viability of gene knockouts can
inhibit verifying model performance; this was true with a S.
aureus model [53] because a complete table of gene deletions in
this organism have yet to be published [18]. A very recent study
constructed a flux balance analysis (FBA) model of the mycolic
acid pathway in Mycobacterium tuberculosis, prediction of gene
essentiality correlated about 79% with previous transposon-
based gene mutations [64]. The authors concluded that FBA,
coupled with conventional homology determinations against
human sequences is a useful means of prioritizing anti-
tuberculosis targets [64]. In all of these examples, gene
deletions were typically performed to probe and validate
the performance of the model rather than attempt to identify
potential antibiotic targets. However, almost all of these
deletion studies identified issues with gene annotation,
expression, missing pathways, etc. that help improve both
genomic annotation and metabolic models [63].

A complete model of metabolism for an organism under
the chosen growth conditions might be used to predict the set
of metabolic reactions (gene products) that are potential
targets for antimicrobial intervention. While large sets of
potential targets have been identified bioinformatically
[13,19,20], or through various high-throughput essential gene
screens [11-13,16-18,21], as we shall see, below, this can be
complicated by various artifacts. If a model is incomplete,
reliance on the prediction alone is risky because bypass
pathways may exist. That is why this sort of target prediction
will, if employed in the pharmaceutical industry, likely be used
along with traditional methods of validation. However,
prediction of metabolic gene essentiality still is an extremely
powerful tool, this is because in silico modeling targets genes
with defined reactions and can be used to assess many aspects
of the cellular role of a reaction.

While it might be tempting to run simulations for a great
many growth conditions, it is more likely that useful data
regarding the set of essential genes can be gathered from
conditions that simulate growth in vitro (as in antibiotic
development) and growth in vivo (as in the host) assuming
that the two differ significantly. In this manner, a model might
identify the set of metabolic genes whose products are
required for establishment or maintenance of virulence.
While some of these gene products are likely to be in
biosynthetic pathways for amino acids or other products
limiting in the human host, others could be genes that play
roles in synthesis of virulence determinants such as lipooli-
gosaccharide in H. influenzae [65].

The performance of an in silico metabolic model can be
compared to the set of known essential genes of an organism
assuming that the latter is known with high confidence. At
present, only S. cerevisiae and Bacillus subtilis have been
subjected to thorough, gene-by-gene knockout performed to
avoid artifacts that could generate false positives or false
negatives [24,25]. However, E. coli has been subjected to partial
gene-by-gene knockout over the course of ~60 years of work
on this organism, collected at the “PEC” [66] website (http://
www.shigen.nig.ac.jp/ecoli/pec/index.jsp). Additionally, high-
throughput transposon-based gene deletion of E. coli was
performed recently [12]. Interestingly, the two data sets only
partially overlap; 351 genes annotated by PEC as non-essential,
were found to be high-throughput essential genes [12]. This
conflict cannot be resolved solely by differences in strains or
medium conditions. In fact, many of the 351 ‘PEC’ non-
essential genes found essential via mutagenesis have pub-
lished references describing viable null alleles often with no
discernable phenotypes (Trawick, data not shown). Therefore,
more directed experimentation is necessary.

In H. influenzae, 27 genes involved in cell wall biosynthesis
were individually deleted [67]. These were both essential and
non-essential genes; 18 of which were in the H. influenzae
model because their gene products partake in metabolic roles.
The in silico gene deletion results using Genomatica’s
SimPheny™ program [33,42] (http://www.genomatica.com/
index.shtml) found agreement with directed deletion 94% of
the time (Table 1). Significantly, genes involved in cell wall
synthesis are prime antibiotic targets [1]. While it is unlikely
that many novel cell wall synthesis targets remain, these data,
along with the historical performance (70-90%, see above) of in
silico models in predicting essential genes, are very encoura-
ging. While analysis of the updated SimPheny™ H. influenzae
model is part of an ongoing research effort, it was found that,
of genes predicted to be essential in the model and targeted by
high-throughput transposon-mediated mutagenesis [14], 93%
were deemed essential or required for optimal growth by

Table 1 - Very high agreement between SimPheny™ predictions and directed gene deletions in H. influenzae

Experimental In silico by Agree experimental Disagreement
(Trepod and Mott [67]) SimPheny™ vs. in silico
Essential 14 13 12 1
Non-essential 15 5 5

Note: essential is defined as a gene required for growth using rich medium or simulation thereof.
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Akerley [14]. When required to be conserved and essential in
another organism, E. coli, the fraction of correct calls rose
slightly to 95% (J.D. Trawick, data not shown). These results
will require further validation, however. Correctly identifying
an essential gene in this range may be far from flawless but, if
coupled with low to medium confidence high-throughput
data, could produce very high confidence prioritization of
metabolic targets, lessening the need for expensive directed
gene knockouts.

4, Optimum solutions, adaptive evolution,
antibiotic resistance, and the prediction of
response to drugs

When stoichiometric modeling was developed, practical uses
of this technology have mostly been targeted towards
metabolic engineering, strain development, and other uses
in the realm of industrial microbiology. Considerable empha-
sis was placed on the performance of models relative to
bacterial growth [37]. Could non-kinetic simulation methods
such as flux balance analysis correctly predict growth and
biomass production? FBA, a particular constraint-based
modeling algorithm, and similar solutions are configured to
generate optimal flux distributions, i.e., growth or biomass
production, within their networks [32,68]. An in silico model
can often accurately predict experimental growth of the target
organism [37]. However, not all experimental conditions
confirmed the in silico predictions [37,38]. Interestingly, when
E. coli was grown on glycerol, the experimentally determined
growth rate was sub-optimal compared to the in silico
prediction [38] but when selected for maximal growth rate,
evolved to reach the calculated optimum over a course of 700
generations. These observations have been repeated and
confirmed in numerous ways [61,62]. To date, it is not clear
that the optimum growth rate is always reached by mutation
of metabolic genes or selection for expression changes within
the set of metabolic genes. Indeed, non-metabolic processes
such as changes in DNA supercoiling can increase fitness
under selection for optimal growth probably by decreasing the
time for one division cycle [69]. It will take some time to resolve
some of these complexities.

This sort of adaptive evolution is highly dependent upon
the ability to select for the desired trait, such as rapid growth
rate. To predict antibiotic resistance, the situation would be
more complex, requiring the researcher to identify a selective
condition. This would also require that the antibiotic in
question target a metabolic reaction found in the model. If that
were true, then a model might predict if a bypass reaction or
set of reactions were present. These would make the antibiotic
target appear to be non-essential in the model but essential in
vivo. Such a difference could arise from gene regulation or
other constraints, and these could be subject to evolution
studies. In a practical sense, it would appear that this is
unlikely simply because the bulk of easily selected antibiotic
resistance mutations tend to be in the target gene product,
altering interaction with the drug [1]. Nonetheless, some more
complicated conditions have been found for compounds
under consideration for clinical development. For example,
mutations giving rise to resistance in E. coli to compounds

targeting the 1pxC gene product were found in both lpxC and
another metabolic gene, fabZ, with the possibility of other
unidentified genes also mutating to resistance [70]. This
system might be an ideal one in which to model choices that
the cell might make, in principle, to evolve resistance.

FBA determines optimal solutions in metabolic simulations
that appear to be accurate for predicting both the wild type
growth capabilities of an organism as well as the growth
capabilities of mutant strains following sufficient time for the
mutant to evolve under growth selection [68]. There are other
constraint-based modeling methods/algorithms that can be
used to assess the immediate impact of gene/reaction
knockout by attempting to calculate less optimal or sub-
optimal solutions [71,72]. For instance, if a single reaction is
blocked, perturbed or partially turned off, can the effects on
the entire network be predicted? There are computational
methods such as minimization of metabolic adjustment
(MOMA) [71] that attempt to identify the minimum redis-
tribution of flux in a knockout or knockdown from the wild
type as a means to represent a homeostatic response. Another
method called regulatory on/off minimization (ROOM) [72,73]
utilizes different algorithms to approach a similar answer, the
minimum number of reactions that need to change their flux
in order to redistribute flux following a knockout or knock-
down. Tests of these have demonstrated that MOMA was more
predictive of growth immediately following deletion of gene
function whereas FBA and ROOM were more accurate in
predicting the endpoints of ‘adaptively’ evolved mutants [72].
These concepts of predicting growth rates of knockouts
immediate following loss of function and after adaptive
evolution are further illustrated in Fig. 3. By definition, FBA
identifies the maximal possible growth rate. Hence, in silico
knockouts predicted by FBA might have a higher confidence of
pinpointing true lethals because FBA will find any and all
reasonable bypasses within the existing network.

Collectively, these constraint-based methods enable the
modeling of immediate responses to specific perturbations
such as antibiotics. In antimicrobial research, the advantages
of this sort of modeling should be apparent because it enables
prediction of the results of cell based inhibitor assays and of
fitness tests. These types of tests are attractive in drug
screening or mode of action studies [26,27]. If MOMA correctly
predicts the relative fitness of the mutant strain relative to the
wild-type strain in each pair, then the frequency of the
disabled strains at the end of the fitness test will correspond to
the predicted fitness of each strain. Yet another method,
multi-perturbation Shapley value analysis (MSA) [74] has been
devised to facilitate this approach using multiple knockouts or
knockdowns. A research goal of the authors is to test use of
each of these modeling solutions for this kind of purpose. Until
tested, this must remain speculative but there are several
ways in which CBM modeling might be utilized. For instance, if
an antibiotic has been proposed to act solely through
inhibition of a specific metabolic enzyme, modeling inhibition
of the presumed target gene would give both its theoretical
fitness compared to uninhibited genes and also the effects of
partially blocking the target gene on the network. The altered
spectrum of fluxes might predict potential areas that are
affected by the primary inhibition or indicate possible bypass
pathways. In the case of the former, a list of potential
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Fig. 3 - Adaptive evolution to reach optimal growth. This
illustrates a hypothetical or typical example of adaptive
evolution as described [38,60-62]. In this example,
deletion of either one of two genes is made, if the deletion
is not lethal (gene-A) but necessary for full growth, then
growth relative to wild-type will be decreased, if FBA,
which predicts optimal solutions, suggests that the
network has more growth capacity than shown
experimentally, this capacity might be realized through
selection of gene-A deletion strains for optimal growth.
Though, the figure illustrates a hypothetical example of
gene-A deletions never reaching wild-type growth, both
this and full return to wild-type have been selected for and
observed [61]. Null mutations in other genes, such as
gene-B may produce lethal phenotypes or lack capacity for
evolution to more optimal growth.

secondary targets, weakened in a sense by having to carry
more flux because of the inhibition of the primary target could
be obtained. Discovering inhibitors to these, or pulling existing
inhibitors off the shelf, might help identify means to increase
potency via combination drugs to the primary target and also
to the ‘Achilles heel’ secondary targets. Comparison of the
model with the result of a large-scale fitness test such as the S.
cerevisiage test described several years ago [26] could also
pinpoint the reactions and gene products potential off-target
effects of an antimicrobial drug under development. If these

effects were linked to potential toxicity, then medicinal
chemistry could be better focused on correction of the
problem. Ultimately, a chemical class that might otherwise
be dropped from development could be rescued for further
drug development. At present, CBM has not been applied to
operation of either cell based assays or fitness tests. How this
would be done experimentally will depend partly on the
nature of the experimental method. Some of these methods
such as the S. cerevisiae fitness test provide a list of strains that
are sensitive to the drug or antibiotic. Genes on such a list
would be compared to the genes with altered flux in an
idealized profile generated by the model. In this way,
unexpected secondary effects might be pinpointed via
comparison with the model. If the models failed to confirm
the experimental results and validation of the model carried
out, a list of candidate ‘toxic’ targets could be found. Though
still hypothetical, this sort of profiling with either assays or
fitness tests could provide idealized pictures of response to
specific inhibitors to aid in overall assay performance.
Currently, cell based, or biochemical assays are often
empirically profiled against sets of known inhibitors, drugs,
and antibiotics to evaluate assay performance (J.D. Trawick,
data not shown—Elitra Pharmaceutical target-based antifun-
gal assays were profiled in this manner in 2003-2004). Efficacy
of any of these in silico methods in making this prediction
would be strong evidence for use of CBM as a predictive and
corrective tool for this type of assay.

CBM can model relative fitness. This was tested by
comparing predictions from an E. coli SimPheny™ model
[56] with recently published experimental data comparing
relative growth rate for E. coli strains differing in having either
a NAD-dependent isocitrate dehydrogenase or a NADP-
dependent isocitrate dehydrogenase [75]. The E. coli model
was adjusted to mimic the genotypes of each of the tested
strains. The FBA algorithm was used for the in silico
experiment. The experimental data demonstrated [75] a 3-
4% difference in growth rate with the in silico result almost
identical to the experimental data (Table 2). If carried out
sufficiently long, these very minor differences in growth rate
would result in increasingly greater differences in cell
numbers. Applied to situations in which the relative fitness
differences were slightly greater, the differences in final cell
numbers would be extreme. It will be interesting to determine
if response to an antibiotic that targets metabolic gene
products (trimethoprim, sulfonamides, mupirocin, and other
drugs including tunicamycin) can be modeled in the same
manner. There should be no impediment to this; inhibition of
a gene product by limiting amounts of the drug could affect

Table 2 - SimPheny™ accurately predicts relative fitness as expressed by small differences in growth rate

Predicted growth Experimentally observed

rate ratio relative growth rate ratio
(iCdNAD/iCdNADP)a (iCdNAD/iCdNADP)b
Growth on acetate with NAD dependent isocitrate dehydrogenase 0.965 0.96 £ 0.02
Growth on acetate with NADP dependent isocitrate dehydrogenase 0.997 0.998 + 0.008

2 Data from Radhakrishnan Mahadevan using SimPheny™ FBA.
b Ref. [75].
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fitness and thus monitored by following growth. As discussed
above, when alarge set of strains, each with a partial loss of a
putative antimicrobial target gene are exposed to inhibitors
such as antibiotics, then fitness of each strain will vary
according to whether or not the target is affected by the drug
[26]. The example in Table 2 shows, in principle, that specific
effects on fitness can be measured for loss or partial loss of a
single target. Actual experimental design might vary radi-
cally depending on the nature of the fitness assay employed.
The ability to accurately predict subtle alterations in fitness
as an outcome of growth in an assay could be applied in a
number of areas including cell based assays for drug
screening or the use of fitness tests in determining mode
of action [26-28].

5. Summary

Within the last two decades, microbiological research has
exploded from several developments including large-scale
genome sequencing, revolutionary approaches in under-
standing bacterial pathogenesis, and the ability to accurately
model the metabolism of microorganisms as computer
programs generating testable hypotheses. The latter has been
primarily confined to the bioengineering and metabolic
engineering fields. Yet, all of the capabilities in modeling
metabolism and growth that are useful in those fields are
similar to methods that could be exploited in antimicrobial
research. Identifying and prioritizing the essential metabolic
genes constitutes proof-of-concept for broader application of
modeling whether or not new targets are needed. Additionally,
the metabolic reaction network is composed of gene products
with well-defined substrates and products, making most of
these reactions, in theory, druggable; new targets might be
prioritized in this manner. However, metabolic modeling also
has further potential in drug development. One possible use of
CBM may be to identify candidate secondary targets, wea-
kened in a sense by having to carry more flux because of the
inhibition of the primary target. This could constitute a unique
class of antimicrobial targets that cannot be readily discovered
by other means. Further use of CBM may be in prediction of
alterations in growth or metabolism and application as a
model or control might be employed in development of cell-
based assay and in mode-of-action determination.
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