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Biotechnology plays an increasingly important role in the 
healthcare, pharmaceutical, chemical, food, and agricultural industries.
Microorganisms have been successfully employed for the production
of recombinant proteins [1–4] and various primary and secondary
metabolites [5–8]. As in other engineering disciplines, one of the ulti-
mate goals of industrial biotechnology is to develop lower-cost and
higher-yield processes. Toward this goal, fermentation and down-
stream processes have been significantly improved thanks to the 
effort of biochemical engineers [9]. In addition to the effort of making
these mid- to downstream processes more efficient, microbial strains
have been improved by recombinant and other molecular biological
methods, leading to the increase in microbial metabolic activities
toward desired goals [10]. However, these conventional attempts 
have not always been successful owing to unexpected changes in the
physiology and metabolism of host cells. Alternatively, rational meta-
bolic and cellular engineering approaches have been tried to solve 
such problems in a number of cases, but they were also still limited to
the manipulation of only a handful of genes encoding enzymes and
regulatory proteins. In this regard, systematic approaches are indeed
required not only for understanding the global context of the meta-
bolic system but also for designing better metabolic engineering
strategies.

Recent advances in high-throughput experimental techniques 
have resulted in rapid accumulation of a wide range of biological 
data and information at different levels: genome, transcriptome, pro-
teome, metabolome, and fluxome [11–17]. This technology-driven
biology is now allowing us to study large-scale sets and networks of
components and molecules of a biological system, thus building a
foundation for the global understanding of biological processes.
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Concurrently with high-throughput experiments, it is increasingly
accepted that in silico or dry experiments of modeling and simulation
improve our ability to analyze and predict the cellular behavior of
microorganisms under any perturbations, for example, the genetic
modifications and/or environmental changes [18–20]. Thus, metabolic
engineering of microorganisms can be best performed by integrating
wet experiments (high-throughput experiments) and dry experiments
(in silico modeling and simulation) at the systems level (figure 7.1); 
the results of genomic, transcriptomic, proteomic, metabolomic, and
fluxomic studies, information and data available in public and in-house
databases, and those generated by in silico analysis can be integrated
within the global context of the metabolic system. This leads to the 
generation of new knowledge that can facilitate strain development
suitable for biotechnological processes with the highest efficiencies 
and productivities. Hereafter, such a systems approach is referred to 

Figure 7.1 Overview of systems biotechnology. High-throughput experiments
generating large amounts of genome, transcriptome, proteome, metabolome,
and fluxome data can be analyzed in combination with in silico modeling and
simulation results in order to develop improved organisms for applications in
biotechnology industries.
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as “systems biotechnology.” Thus, biotechnology processes can be
developed in a much more rational and systematic way by following
systems biotechnological strategies rather than traditionally used “trial
and error” type approaches.

In this chapter, high-throughput experimental techniques and in
silico modeling and simulation methods for strain development are
reviewed in the context of systems biotechnology. This is followed by
strategic procedures and relevant case studies addressing how wet 
and dry experiments can be interactively combined to achieve the
improvement of microbial strains. Such an integrated strategy based
on systems-level quantitative analysis of cellular phenotypes in con-
junction with real experiments is the main focus of this chapter. Future
perspectives on systems biotechnology are also discussed to suggest
new opportunities and challenges in this field.

HIGH-THROUGHPUT X-OMIC EXPERIMENTS

Biology has evolved rapidly during the last decade, and so has biotech-
nology. This rapid development is being even more accelerated by 
the advent of high-throughput experimental techniques, allowing the
generation of various biological data at unprecedentedly high rates.
These revolutionary techniques for the rapid acquisition of genome,
transcriptome, proteome, metabolome, and fluxome data are changing
the traditional paradigm of biological and biotechnological research
[21–23]. These technological advances naturally led to the birth of 
“systems biology,” which aims to elucidate biological mechanisms 
and phenomena in a quantitative manner at a holistic and genome-scale
level (figure 7.2). Applying this approach to biotechnological develop-
ment leads to “systems biotechnology,” which enables improvement of
organisms and bioprocesses employing them at systems level.

Before describing some successful stories on the use of high-
throughput x-omic experiments to design improved organisms, we
wish to insert a few words of caution. Transcriptome profiling, which
allows measurement of the levels of all transcripts in a cell, provides 
a global view on gene expression under particular circumstances.
However, it should be noted that gene expression is a necessary but 
not a sufficient condition for the corresponding protein production,
since there exist translational regulation, uncharacterized RNA and
protein stability, and sometimes posttranslational modification. This 
is further complicated by the fact that protein abundance does not 
necessarily correlate with the high activity of that protein due to 
several factors such as varying substrate concentration, cofactor abun-
dance, and feedback inhibition. Therefore, even though proteome
profiling by two-dimensional gel electrophoresis (2DE) reveals a rela-
tive abundance of proteins, we still have limited information on the
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activities of these enzymes. Metabolome profiling can complement
some of these limitations, but is currently hampered by the absence 
of robust methods for sample preparation and metabolites analysis.
Complementary to this, fluxome profiling allows determination of
metabolic fluxes by metabolic reaction network simulation constrained
by the measurement of net excretion rates of extracellular metabolites,
uptake rates of metabolites, and/or isotopomer distributions following
the use of isotopically labeled substrates.

196 Networks, Models, and Applications

Figure 7.2 Postgenomic omics research. High-speed DNA sequencing has
allowed completion of a number of genome sequencing projects. Having complete
genome sequences for many microorganisms in our hands, comparative
genomic studies can be performed. Development of high-density DNA
microarray allowed profiling of the transcriptome of cells under investigation,
thus allowing us to examine the expression levels of multiple genes
simultaneously. Two-dimensional gel electrophoresis (2DE) combined with
mass spectrometry made it possible to obtain complete profiling of cellular or
subcellular proteins, which complements the results of transcriptome profiling.
Metabolome profiling is also becoming increasingly popular as better GC/MS,
LC/MS, and NMR techniques are developed. Fluxome profiling is still mostly
based on computation, but is supplemented with the results of isotopomer
profiling for better estimation. Much effort is being devoted to integrate all
these omics data toward better understanding of global cellular physiology,
metabolism, and regulation, and consequently to use the results for strain
improvement.
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It is clear that we are still far from understanding cellular behavior
at the systems level. Nevertheless, the combination of these x-omes
profiling will suggest holistic insight into the whole-cell metabolism
and regulation, and the interaction of cells with the environment. 
The benefits of having global x-omic data will be truly realized when
we can correctly integrate all these data using well-validated in silico
modeling and simulation tools. Again, it will take a while to see this
achieved. In the meantime, we can still enjoy developing improved
organisms based on these large-scale data. One can extract interesting
knowledge on local pathways from global-scale data sets, and use it 
for altering metabolism toward the desired goals. It should be empha-
sized that the generation of new knowledge on the local (rather than
global) reactions and pathways to be manipulated was possible because
large-scale data on the genome, transcriptome, proteome, metabolome,
and fluxome are available. In what follows, we describe how each 
x-ome’s data were generated and their combinations were used for
strain improvement.

Genome Analysis

Comparative analysis of genomes is a relatively simple yet powerful
way of extracting information necessary for understanding differ-
ences in metabolism and identifying targets for strain improvement.
One can identify unnecessary genes or operons that are not beneficial
or even harmful for producing the desired biochemical products, 
and those genes that need to be newly introduced, amplified, or 
modified to establish new pathways or to enhance the pathway fluxes
[24,25]. The genomes can be compared among different organisms 
as well as between the wild type and its mutant strains. This can 
obviously be extended to comparing the control strain with the engi-
neered strains. Engineering of microorganisms based on comparative
genomics has recently been successfully demonstrated by Ohnishi 
et al. [25]. The genome sequence of the lysine-overproducing
Corynebacterium strain was compared with that of the wild-type strain
to identify genes with point mutations that might be beneficial for 
the overproduction of L-lysine. Consequently, the point mutations in
five genes responsible for improved lysine production could be iden-
tified. Introduction of new genes and/or knockout of undesirable
genes have been frequently practiced in metabolic engineering. Having
the complete genome sequences for a number of microorganisms, 
we can identify many more candidate genes to be manipulated based
on genome-scale comparison data.

Transcriptome Analysis

Development of high-density DNA microarrays is allowing us to simul-
taneously measure relative mRNA abundance in multiple samples. 
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By comparing transcriptome profiles between different strains of 
interest or between cells cultured under different conditions, one can
elucidate possible regulatory circuits and identify potential target genes
to be manipulated for strain improvement. There have been numerous
papers on the use of DNA microarrays to obtain global transcriptome
profiles and consequently to understand cellular gene expression reg-
ulations and physiological changes in microbial strains of industrial
relevance. Among them, Gonzalez et al. [26] carried out transcriptome
profiling of two ethanologenic Escherichia coli strains that show differ-
ent levels of ethanol tolerance. From the comparison of transcriptome
profiles, several genes and potential mechanisms responsible for ethanol
tolerance, such as loss of FNR function and enhanced metabolism of
glycine, serine, and pyruvate, were identified. This example demon-
strates the usefulness of transcriptome profiling in understanding the
mechanisms behind the observed expression and physiological
changes. Several excellent review papers have been published [27,28].

However, there are not yet many examples of strain improvement
based on transcriptome profiling. Nevertheless, several examples have
recently appeared, and more examples will likely follow. In one such
example, transcriptome profiles of recombinant E. coli producing
human insulin-like growth factor I fusion protein (IGF-If) were analyzed.
Recombinant E. coli was cultured in an industrially relevant fed-batch
mode during which samples were taken before and after induction for
transcriptome profiling. The results of comparative transcriptome
analyses were used to identify target genes that may improve IGH-If
production [29]. Among the ∼200 genes that were downregulated after
induction, those involved in amino acid/nucleotide biosynthetic path-
ways were selected as the first targets to be manipulated. As will be
descried later, the expression of these genes was found to be down-
regulated during the high cell density culture (HCDC) of E. coli [30].
Amplification of one of these genes, the prsA gene encoding the phospho-
ribosyl pyrophosphate synthetase, allowed the enhanced production of
IGH-If. However, it was found that cell growth was negatively affected
by the prsA overexpression. The glpF gene encoding glycerol trans-
porter was then selected and amplified together with the prsA gene,
resulting in an increase of IFG-If production from 1.8 to 4.3 g/l [29].

As shown in this example, the target genes to be manipulated 
to improve a strain can be selected from the genes prescreened by the
analysis of transcriptome profiles. However, one should be aware that
this approach of selecting genes from transcriptome profiles is not an
easy and straightforward task. In the worst case of the above example,
one should try amplification of many more genes out of 200 downreg-
ulated genes in different combinations to achieve a desired goal. Often,
however, this is not the case. One can reduce the number of potential
target genes to 10–20 based on previous knowledge and experience
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(i.e., in the above example, the results from the transcriptome profiling
of E. coli during the HCDC, as will be described later). Are 10–20 genes
still too many to be manipulated? Considering the effort and money
invested for rather expensive microarray experiments, this is not the
case. Basically, we have to do more homework, but homework that
gives higher value back to us. Furthermore, the good news is that we
have other tools such as genome-scale metabolic flux analysis that can
narrow down the number of candidate genes, as will be described later.

Proteome Analysis

Metabolic reactions are catalyzed by enzymes, and therefore pro-
teome profiling takes us one step closer toward understanding cellular
metabolic status. Proteome analysis typically begins with separating
proteins by 2DE followed by identification of protein spots by mass
spectrometry [31]. The 2DE is a rather laborious process, and its qual-
ity and reproducibility can be affected by the researchers. Furthermore,
the number of protein spots that have been identified is still consider-
ably lower than that supposedly encoded in the genome. For example,
fewer than 1000 protein spots are detected in 2DE gel for E. coli, which
has more than 4000 genes in its genome. Among those protein spots,
about 200 proteins have been functionally identified. Other problems
include failure to detect low-abundance proteins, difficulties in sepa-
rating certain proteins, and the appearance of multiple spots for one
protein. Therefore, proteome profiling has not yet gone truly global.
Nonetheless, it can suggest interesting candidate proteins to be exam-
ined through the comparative analysis of protein spots showing
altered intensities under two or more different conditions or genotypic
backgrounds. There have been a couple of examples successfully
demonstrating strain improvement by this approach.

In another example, the proteome analysis of recombinant E. coli
overproducing human leptin, a pharmaceutical protein for treating
obesity, was conducted to identify targets for the possible improvement
of human leptin production [32]. During human leptin production, 
the levels of heat shock proteins increased while those of protein elon-
gation factors, 30S ribosomal protein, and some enzymes in amino 
acid biosynthetic pathways decreased. Interestingly, the significantly
decreased expression levels of some enzymes in the serine family of
amino acids biosynthetic pathway indicate that leptin production can
possibly be limited by serine family amino acids. This is because 
the serine content of leptin is 11.6%, which is much higher than the
average serine content of E. coli proteins (5.6%). Thus, one of these
downregulated genes, the cysK gene encoding cysteine synthase A,
was amplified, which resulted in 2- and 4-fold increases in cell growth
and leptin productivity, respectively. It was also found that cysK
coexpression could improve production of another serine-rich protein,
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interleukin-12b chain (serine content of 11.1%), as well. These examples
demonstrate that the strategy of local pathway engineering based 
on global information (proteome profiling in the above examples) is
highly efficient for strain improvement.

Metabolome Analysis

The general aims of metabolomics are to identify metabolites and
quantitatively determine their concentrations. Various quantitative tools
for identifying and analyzing cellular metabolites have been developed
to investigate the detailed metabolic status of cells [33]. High-throughput
quantitative analysis of metabolites has become possible with the
development of increasingly sophisticated gas chromatography–mass
spectrometry (GC-MS), gas chromatography time-of-flight mass 
spectrometry (GC-TOF), liquid chromatography–mass spectrometry
(LC-MS), and nuclear magnetic resonance (NMR) equipment. No single
technique is suitable for the analysis of all different types of molecule,
so a mixture of techniques is used. The diversity of methods ensures
broad coverage of a wide range of different classes of organic compounds.

Even though much effort is needed to solve existing problems such
as the limited number of metabolites detectable and the accuracy 
of metabolite concentrations measured, there have been some success-
ful uses of metabolome profiling in analyzing cellular metabolism.
Villas-Boas et al. [34] reported the application of a novel derivatization
method for metabolome analysis in yeasts. A method was developed to
simultaneously measure the metabolites throughout the central carbon
metabolism and amino acid biosynthetic pathways using GC-MS. As
model systems, they assayed the metabolite levels for two yeast strains
and two different culture conditions; the changing levels of many
metabolites caused by the genetic (gdh1 knockout) and environmental
(aerobic and anaerobic) perturbations were examined. By comparing
the metabolite levels throughout the samples, it was possible to identify
the activated genes or metabolic pathways. This study demonstrates
the true power of metabolome analysis in understanding specific 
metabolic pathways and provides new insight into the integrated tran-
scription-metabolism studies. There has been another interesting
report on the combined analysis of the transcriptome and metabolome
for understanding the metabolic characteristics of Aspergillus produc-
ing lovastatin and consequently for the development of improved
strains, as will be seen below. As our ability to quantitatively analyze
the metabolites increases, metabolome profiling will become an indis-
pensable tool for the analysis and engineering of metabolic pathways.

Combined X-omes Analysis for Strain Improvements

Even though the true integration of all x-omic data is not yet possible
at this time, local information extracted from these global-scale data
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can be exploited in understanding cellular physiology and metabolism,
and consequently developing improved organisms [35]. There have been
several successful examples of combining two or more high-throughput
x-omic studies for analyzing and engineering cellular metabolism, and
these are described below as case studies [16,30,36–38].

CASE STUDY 1: COMBINED ANALYSIS OF TRANSCRIPTOME AND PROTEOME OF

E. coli CELLS DURING HIGH CELL DENSITY CULTURE

E. coli has been the workhorse for the production of various bio-
products including recombinant proteins. In order to increase the
concentration and volumetric productivity of a desired product such 
as recombinant protein, high cell density culture (HCDC) is often car-
ried out. However, it is often observed that the specific productivity,
defined as gram product per gram dry cell weight (DCW) per hour,
decreases as cell density increases. In order to understand the phys-
iological changes occurring as cell density increases, combined
transcriptome and proteome analyses were carried out during the
HCDC of E. coli W3110 [30]. As shown in figure 7.3, cells were grown
exponentially at a specific growth rate of 0.14 h−1 to 74 g DCW/l 
using a chemically defined medium. Sample were taken at the cell 
concentrations of 0.13 (S1), 0.88 (S2), 3.5 (S3), 12.7 (S4), 24 (S5), 40 (S6),
52 (S7), 62 (S8), 72 (S9), and 74 (S10) g DCW/l. For transcriptome 
profiling, the cDNA made from S1 was labeled with Cy3 while all the
others were labeled with Cy5. Also, proteome analyses were carried
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Figure 7.3 Time profiles of the concentrations of cell (� and �; the filled circles
are sampling points), glucose (�), acetic acid (�), lactic acid(�), and phosphate
(�) during the high cell density fed-batch fermentation of E. coli W3110. In the
batch phase, the specific growth rate was 0.49 h−1. During the fed-batch period,
the specific growth rate was controlled at 0.14 h−1 by exponential feeding.
Reproduced with permission from Yoon et al. [30].
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out for the same samples taken during the cultivation (S1–S10). It was
found that the expression of genes of TCA cycle enzymes, NADH
dehydrogenase, and ATPase was upregulated during the exponential
fed-batch period and downregulated afterwards. The expression of
chaperone genes was upregulated as cell density increased, suggesting
that cells experience stress during the HCDC. Expression of phosphate
starvation genes was most strongly upregulated toward the end of 
cultivation, suggesting possible phosphate limitation at this point.

The most interesting finding was that the expression of most amino
acid biosynthesis genes was downregulated as cell density increased.
This finding immediately answers why the specific productivity of
recombinant protein is reduced during the HCDC. Even though the
results of transcriptome and proteome profiling were similar, there
were still a number of genes showing different profiles. At this time, 
we do not know how to extract more information from these dis-
crepancies, and therefore it will be one of the important tasks in the
future. Instead, the “expression map,” which are transcriptome and
proteome profiles mapped onto the metabolic pathway network, was
proposed (figure 7.4). This expression map can provide a global snap-
shot of metabolic and physiological changes under evaluation. In the
earlier example of using transcriptome profiling results for increasing
IGF-If production by recombinant E. coli [29], the target gene prsA could
be successfully selected from many candidates and amplified based 
on the finding of broad downregulation of amino acid biosynthetic
enzymes observed from the expression map of E. coli during the HCDC.
These results prove the usefulness of having such an expression map.

There have recently been several more examples of combined 
x-omic analysis for strain characterization and engineering. Lee et al. [37]
compared the transcriptome and proteome profiles of E. coli
W3110 and its L-threonine-overproducing mutant strain. Among the
4290 genes, 54 genes exhibited meaningfully differential gene expres-
sion. Further analysis of nucleotide sequences of some of these genes
revealed that mutations in the thrA and ilvA genes were responsible for
L-threonine production and the physiological changes in the mutant
strain. There has recently been a report on the combined analysis of the
genome and fluxome toward understanding the metabolic characteris-
tics of a relatively unknown microorganism. The approaches taken in
this study are summarized in the following case study.

CASE STUDY 2: COMBINED ANALYSIS OF GENOME AND FLUXOME FOR THE

ELUCIDATION OF UNKNOWN METABOLIC CHARACTERISTICS

Mannheimia succiniciproducens, which is able to produce large amounts
of succinic acid along with other acids, was isolated from the rumen 
of Korean cows [39]. In order to engineer the metabolic pathways 
for enhanced succinic acid production, it is essential to understand the
metabolic characteristics of this bacterium under various conditions.
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Therefore, the 2.31 Mbp genome sequence of this bacterium was 
completely determined [38]. Based on the complete genome sequence,
a genome-scale in silico metabolic model composed of 373 reactions
and 352 metabolites was constructed. Metabolic flux analyses were 
carried out under varying pH and gas conditions. CO2 was found to 
be important for cell growth as well as the carboxylation of phos-
phoenolpyruvate to oxaloacetate, which is then converted to succinic
acid by the reductive tricarboxylic acid cycle using fumarate as a 
major electron acceptor. It was interesting to note that the presence of 
CO2 increased the glucose uptake rate and succinic acid formation rate
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Figure 7.4 An expression map showing an integrated view of transcriptome and
proteome profiles of E. coli during HCDC. The x-axis denotes cell concentration
(g DCW/l), and the y-axis denotes expression level in log2 scale for the
transcriptome and in absolute value of volume % for the proteome. The one
located on either the left or the upper side of the two maps indicates the
transcriptome profile while the other one is the proteome profile. Only a single
map represents the transcriptome profile. A larger image is available from
http://mbel.kaist.ac.kr. For more details, see Yoon et al. [30]. Reproduced with
permission from Yoon et al. [30]. To view this figure in color, see the companion
web site for Systems Biology, http://www.oup.com/us/sysbio.
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by 4.6- and 37-fold, respectively. Based on these findings, strategies 
for genome-scale metabolic engineering of M. succiniciproducens could
be suggested. It should be emphasized that genome-scale metabolic
flux analyses made it possible to understand previously unknown
metabolic characteristics from a minimal number of cultivation exper-
iments, which provided constraints for more accurate flux calculation.

In another study, combined analyses of the transcriptome and
metabolome were carried out for enhanced production of secondary
metabolite. Askenazi et al. [16] developed an Aspergillus strain over-
producing lovastatin, a cholesterol-lowering drug, based on these
analyses. Initially, the genes thought either to be involved in lovastatin
synthesis or known to broadly affect secondary metabolites production
in the parental strain were expressed to generate a library of strains.
Transcriptome profilings were carried out for these strains, followed 
by a statistical association analysis to extract potential key parameters
affecting the production of lovastatin. From these results, the target
genes were identified and manipulated to improve lovastatin production
by over 50%. There is no doubt that more successful examples of employ-
ing combined x-omic analyses for strain improvement will appear.

IN SILICO MODELING AND SIMULATION

Several approaches have been developed for quantitative in silico mod-
eling and simulation of metabolic systems [20,40,41]. They can mainly
be classified into two types: kinetic model-based dynamic analysis and
constraints-based stationary analysis.

Kinetic Model-Based Analysis

In the dynamic approaches, kinetic and regulatory information is
incorporated into a kinetic model set of continuous differential equa-
tions. The mass conservation around metabolites is derived from the
detailed mechanisms and characteristics of the system; the resultant
rate equations can be formulated as:

(1)

where c ∈ ℜm × 1 is the vector of the concentrations of m metabolites; 
v ∈ ℜn× 1, the n-dimensional rate vector, whose jth component represents
the rate of reaction j as a nonlinear function of the concentrations of 
the metabolites involved in the reaction, vj = f(c); S ∈ ℜm × n, the stoichio-
metric matrix of the network; and b is the vector of the net transport of
metabolites into and out of the cell and dilution due to cell growth.
Thus, this kinetic model can completely describe the dynamic behavior
as well as the structure of the metabolic network.

dc
dt

Sv b= −
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Once the kinetic model is developed, model parameters p in reaction j,
vj = f(c, p), are adjusted by best fitting to in vitro kinetic experiments.
Obtaining such experimental data is, however, still a laborious task. 
In many cases, the kinetic information on the reactions of interest can
be collected from the published works and/or the available public
databases [42,43]. However, one may fail to obtain reliable solutions
because the parameters collected from different sources can cause
system inconsistency. Thus, it is highly desirable to establish an effec-
tive method in the form of an easily usable software package for
facilitating the kinetic modeling and parameter estimation. Currently,
a variety of software tools and computational environments for such
dynamic simulation and/or parameter estimation are available; they
include GEPASI [44], DBsolve [45], E-Cell [46], SCAMP [47], Virtual
Cell [48], StochSim [49], STOCKS [50], Dynetica [51], GENESIS [43],
and many others (http://sbml.org/).

Constraints-Based Flux Analysis

Although the kinetic model-based dynamic modeling and simulations
are most appropriate for fully characterizing the metabolic reaction
systems, determining a large number of kinetic parameters is not an
easy task. Moreover, the values of many of these parameters cannot be
trusted since the reaction mechanisms and parameters in these models
are derived from in vitro rather than in vivo measurements [52]. 
The stationary modeling approach is therefore a good alternative to 
the kinetic model for the simulation of a large metabolic reaction 
network. Assuming the pseudo-steady state, one can simplify the kinetic
model into static representation. Unlike the dynamic approaches, 
the stationary model only considers the network’s connectivity and
capacity as time-invariant properties of the metabolic system.

The stationary approaches include stoichiometric analysis, structural
or topological pathway analysis, and constraints-based flux analysis
[53–58]. Of these, constraints-based flux analysis, also known as “meta-
bolic flux analysis” (MFA), and more specifically flux balance analysis
(FBA), is the most widely adopted method since it requires the least
amount of information to quantify the fluxes and analyze the metabolic
system [59]. Basically, under the pseudo-steady-state assumption, 
eq. (1) can be simplified as follows:

Sv = b (2)

This matrix form can be rewritten in balance equations for I metabolites
given a series of J candidate metabolic reactions:

(3)S v b i Iij j i
j J

=∑ ∀ ∈
∈

,
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where Sij is the stoichiometric coefficient of metabolite i in reaction 
j; vj, the flux of reaction j; and bi, the net transport flux of metabolite 
i. The fluxes are often calculated as mmol/g DCW.h. If this metabolite
is an intermediate, bi is zero. Extracellular metabolites serve as inputs
to or outputs from the system; the former includes carbon substrates,
such as glucose and fructose, while the latter includes excretory meta-
bolic products. When metabolite i is transported into the system as 
a substrate uptake (input), bi represents its consumption rate, thereby
rendering its value negative. If metabolite i is secreted to the culture
medium (output), bi represents its secretion rate, thus rendering 
its value positive. Note that these constraints for the extracellular
metabolites are imposed only when the consumption or secretion rates
are experimentally observable. Otherwise, the net transport flux for
each extracellular metabolite cannot be given a priori, and must be 
calculated just like intracellular fluxes.

In addition to the mass balance constraints of eq. (3), the reversibility
of metabolic reactions and the capacity limitations for all the fluxes of
these reactions can be imposed as:

(4)

where aj and bj are the lower and upper bounds, respectively, of 
the flux of reaction j. Here, the flux of any irreversible reaction is 
considered to be positive; the negative flux signifies the reverse direc-
tion of the reaction. Hence, the lower bound for the flux of irreversible
reaction j, aj, should be set to zero or a positive value whereas the flux
of reversible reaction j is not constrained (aj = −� and b j = �) or can be
constrained within any range according to the capacity limitation. 
It should be noticed that in silico fluxome analysis based on iso-
topomer labeling techniques can provide useful information on such
capacity constraints, as will be discussed later.

The flux balance analysis by linear programming (LP) which 
maximizes or minimizes an objective function can be formulated as:

Maximize/minimize (5)

where cj is the weight of reaction j. The objective function, Z, can 
vary depending on the system under analysis. It can be the growth
rate, ATP usage, substrate uptake, or product formation [57]. Most 
frequently, the growth rate or the product formation rate is selected 
as an objective function. When the growth rate (g biomass/g DCW·h)
is used as an objective function, the conversion of all the biosynthetic 
precursors (e.g., proteins, DNA, and RNA) into biomass is required.

Z c vj j
j J

= ∑
∈

a bj j jv j J≤ ≤ ∀ ∈,
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Such biomass composition of metabolites (mmol metabolite/g biomass)
can be experimentally evaluated at a given specific growth rate, or can
be found from the literature [60]. For the maximization/minimization
of the rate of product or byproduct formation, the objective function
corresponds to its net transport flux in eq. (3), which is formulated 
by summing all fluxes linked to the product. For example, the maxi-
mization of the rate of succinic acid production can be formulated as
follows:

Maximize (6)

where Ssucc,j designates the stoichiometric coefficient of reaction j
involving succinic acid.

Flux Analysis Based on Labeled Substrates

The constraints-based flux analysis can be upgraded with respect to 
its accuracy by providing additional material balance equations
through isotope balancing. Thus, more realistic internal fluxes may 
be predicted [61]. Using a labeled carbon source such as 13C-labeled
glucose as a substrate, the labeling states of the metabolites can be
traced. Generally, two approaches are used for the flux interpretation
of 13C labeling patterns (figure 7.5). One is the identification of the 
flux ratio in converging reaction at the branch point using partial 
isotopomer data which are generated from the 13C pattern of proteino-
genic amino acids [62]. This approach is taken by solving the equations
of metabolic reactions and optimizing the solution by error minimization.
The flux ratios can be readily determined through GC/MS data with-
out significant computational burden, but absolute flux values cannot
be obtained [33]. The other iterative approach uses all available 13C
labeling data, extracellular material fluxes, and biomass composition
for simultaneous interpretation of metabolic models of varying 
complexities [63]. The labeling state of metabolic intermediates is 
balanced within a model through an iterative fitting procedure on the
isotopomer patterns of network metabolites. These approaches of employ-
ing 13C data from NMR [64–66] allowed successful determination of 
the in vivo internal flux distributions in different microorganisms. It
should be mentioned that isotope balances are bilinear with respect 
to its labeling and reaction rate. This is why an iterative approach of
error minimization is used for flux determination. The mathematical
complexity of this approach has been addressed by several researchers,
who introduced concepts like exchange fluxes [67,68], isotopomer
mapping matrices [64] resembling atom mapping matrices [69], cumomer
balances [68], and summed fractional labeling [70].

S vj j
j J

succ,
∈
∑
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Figure 7.5 Two approaches for flux interpretation using the 13C labeling patterns of metabolites [33]. The 13C-labeled carbon substrate
is used for the quantification of the relative amounts of the differently labeled metabolites. GC/MS and NMR can be used for
determining isotopomer distribution.
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DATABASES AND SUPPORTING TOOLS FOR IN SILICO MODELING
AND SIMULATION

Integrated Metabolic Database System

Recent years have seen an explosion in the amount of biological data
and information. This has resulted in the development of various data-
bases containing biological information at different levels ranging from
DNA sequences to metabolic pathways [71]. Among them, metabolic
databases provide all available information on metabolic pathways,
reactions, and enzymes that are essential to the elucidation of the 
metabolic and physiological characteristics of organisms. Currently
available public metabolic databases are given in table 7.1. These data-
bases, however, possess different data collections, which will become
much more usable if they are unified into composite resources with
common interfaces [72–74]. To properly handle such redundant and
heterogeneous data sources scattered over different sites, an integrated
metabolic database system, BioSilico, was developed [75]. BioSilico
integrates publicly available metabolic databases for efficient navigation
and analysis of metabolic pathway information.

BIOSILICO

BioSilico is a comprehensive, web-based database system that facilitates
the search and analysis of metabolic pathways. Inhomogeneous meta-
bolic databases including LIGAND, ENZYME, EcoCyc, and MetaCyc
are compiled and integrated in a systematic way, thereby allowing
users to efficiently retrieve and explore the relevant information on
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Table 7.1 Representative metabolic databases useful for studying enzymes,
metabolites, reactions, and pathways

Database Corresponding URL

Biocarta http://www.biocarta.com/genes/allPathways.asp
BioCyc http://biocyc.org
BioSilico http://biosilico.kaist.ac.kr
BRENDA http://www.brenda.uni-koeln.de
EcoCyc http://ecocyc.org
ENZYME http://www.expasy.org/enzyme/
ERGO-LIGHT http://www.ergo-light.com/
KEGG http://www.genome.ad.jp/kegg
Klotho http://www.biocheminfo.org/klotho/
LIGAND http://www.genome.ad.jp/ligand/
MetaCyc http://metacyc.org/
PathDB http://www.ncgr.org/pathdb
UMBBD http://umbbd.ahc.umn.edu/
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enzymes, biochemical compounds, reactions, and pathways. In addition,
a robust systematic architecture of BioSilico is extended to a customized
web-start interface, the BioSilico Modeler, which provides the inte-
grated environment to enhance the construction of in silico metabolic
network models of interest.

In BioSilico, various querying logics and user-friendly web-accessible
interfaces are designed to efficiently retrieve the relevant information
on enzymes, compounds, reactions, and pathways from the integrated
database. Queries using Enzyme Commission (EC) number, name, for-
mula, CAS number, pathway, and organism simultaneously examine
all the classes of the database; the matched entries are collected and 
a view page of query results is dynamically generated, allowing access
to more detailed information using the hyperlinks provided. Moreover,
a Java Applet for chemical structure search via the web interface 
allows users to either draw the compound to be searched or enter its
SMILES string, giving rise to the list of matching compounds satisfying
the selected search type (similarity, substructure, or exact match).
Clicking on a returned structure of the compound from Chem DB,
which was developed using two Marvin Java applets (MarvinSketch
and MarvinView) and JChem libraries from ChemAxon (http://
chemaxon.com), leads to the corresponding BioSilico compound page
(figure 7.6). Consequently, one query renders it possible to efficiently
search for the entire classes of the integrated database, retrieve the 
relevant information, and finally to display well-designed view pages
interactively for more detailed information.

In addition to the web-based interface, BioSilico provides a web-
client application, the BioSilico Modeler, which is launched with Java
Web Start independently of the web browser. Thus, users can compre-
hensively build reaction network models of their own. The model
composer supported in this application allows users to define com-
ponents (e.g., compounds or metabolites) and their interactions (e.g.,
reactions) after creating a model project. Furthermore, through the 
customized client–server interface, a wide variety of queries retrieve
the list of reactions that can be imported from the BioSilico database
system on a remote server. Imported reactions are then mapped into
the current model project, thus leading to the construction of the 
comprehensive model of a metabolic reaction network (figure 7.7). 
The resultant model network can be automatically visualized by 
several layout algorithms.

Integrated Environment for In Silico Modeling and 
Simulation of Metabolic Networks

Considering the importance of metabolic flux analysis in systems
biotechnology, it will be extremely useful to have a user-friendly 
computer program for quantitatively analyzing metabolic fluxes. 

210 Networks, Models, and Applications
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This is indeed needed for researchers who are less familiar with the
computational methods in detail. For this purpose, a program package,
MetaFluxNet, was developed, which provides one of the systems 
biology platforms for metabolic characterization and engineering [76].

METAFLUXNET

MetaFluxNet is a program package for managing information on the
metabolic reaction network and for quantitatively analyzing metabolic
fluxes in an interactive and customized way. Users can interpret 
and examine metabolic behaviors and changes in response to genetic
and/or environmental modifications. Consequently, quantitative in silico
simulations of metabolic pathways can be carried out to understand
the metabolic status and to design the metabolic engineering strategies.
The main features of MetaFluxNet include a well-designed model 
construction environment, a user-friendly interface for constraints-
based flux analysis, comparative flux analysis of different strains under
varying environmental conditions, several options for choosing numer-
ical solvers, and automated pathway layout creation [76].
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Figure 7.6 Database query interface of BioSilico.
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MetaFluxNet allows users to set up their own metabolic network
models by registering information on two object classes, metabolites
and reactions. Each class consists of several fields describing biological
information. Users can freely edit and store the data contents in the
fields. A stoichiometric model can be built from the metabolic reaction
model under the steady-state assumption. The model system can be
classified by one of four possible cases according to determinacy and
redundancy [77]. In the case of the determined system, a unique solution
or a least-squares solution can be obtained if the system is observable.
In the case of the redundant system, the measured fluxes are reconciled
to remove the inconsistency, followed by inspecting calculable fluxes
which can be uniquely determined by the least-squares solution using
the pseudo-inverse. If the system is underdetermined, the constraints-
based flux analysis can be exploited to quantify the flux distribution 
by maximizing or minimizing the objective function [59].

MetaFluxNet also allows users to compare the changes in flux 
distribution under genetically or environmentally perturbed conditions,

212 Networks, Models, and Applications

Figure 7.7 Database query interface of the BioSilico Modeler. In this screen
capture, the list of metabolic reactions is retrieved as the result of a query, “Find
all reactions involved in the glycolysis pathway of E. coli K-12 strain.” The
resultant network is visualized and summarized in a tabular format.
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which is invaluable not only for understanding the metabolic and
physiological changes in cells under different conditions, but also for
developing new metabolic engineering strategies to achieve desired
goals. An interactive and dynamic graphical user interface is also 
provided to display metabolic reaction pathways with flux distribu-
tion results as depicted in figure 7.8. The pathways are automatically
and dynamically visualized by the spring embedder layout algorithm
supported in the program. In the most recent version released (version
1.6.9.9), systems biology markup language (SBML) [78] is supported 
to communicate with other systems biology platforms, thus expanding
its usability.

SYSTEMS BIOTECHNOLOGICAL STRATEGY

Figure 7.9 outlines the conceptual procedure for the systems biotech-
nological strategy toward the development of improved strains. In
silico and wet experiments are carried out on the basis of computational
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Figure 7.8 Screen shot of the flux analysis part of MetaFluxNet. Flux
distributions can be interactively determined and dynamically visualized via a
user-friendly interface.
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models of a biological system of interest and rational experimental pro-
cedures, respectively, which complementarily interact with each other
for the generation of new knowledge [14,79,80]. Accumulation of ever-
increasing amounts of biological data ranging from DNA and protein
sequences to metabolic pathways results in the development of various
databases. These databases are used not only for extracting local bio-
logical information (e.g., identifying a gene or genes of interest based
on homology search) but also for larger-scale studies such as metabolic
network construction and analysis in model-driven research. Even
though our understanding of the genome is still far from complete, 
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Figure 7.9 Overview of systems biotechnological research for the development
of improved organisms. Hypothesis-driven computational modeling and
simulation, and technology-driven high-throughput x-omic experiments, are
combined to generate new knowledge, which is used to fine-tune the model
and design new experiments. This process is iterated until one achieves the
goal of developing improved strains having desired traits.
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we can reconstruct genome-scale metabolic models using as much
available information as possible. A good example of this approach has
been reported by Segre et al. [81], who suggested an automated process
to construct stoichiometric models from annotated genomes. Obviously,
data contents and their quality in the metabolic databases are impor-
tant in constructing reliable metabolic models. Several excellent
metabolic databases are available (table 7.1) and are expected to evolve
as an integrated one, as demonstrated for the BioSilico database.

Once the valid model is constructed, the system’s behavior under 
a particular experimental situation can be better predicted by system-
atic perturbations encompassing genetic to environmental alterations.
Accordingly, in silico experiments of the system through metabolic
modeling can provide crucial information on cellular behavior under
various genetic and environmental conditions, thereby giving rise to 
a multitude of strategies for strain improvement. For example, using
the genome-scale in silico model, constraints-based flux analysis can 
be carried out to identify the gene knockout targets of recombinant 
E. coli by resorting to various optimization techniques, for example,
iterative linear programming, mixed-integer optimization [82], quad-
ratic programming [83], and bilevel optimization [84]. As a whole, in
silico and wet experiments are interactively conducted under the 
perturbing conditions of biotechnological relevance. The results are
compared for the generation of new knowledge, which is used to refine
the model and to design new experiments. This process is iterated
along systems biotechnological research cycles until the development
of an improved microorganism having desired traits is accomplished.

As shown in figure 7.9, there exist two adaptive feedback loops 
and one interactive cycle. The in silico model and experimental design
are iteratively modified through respective feedback loops [14,18,85].
This conventional iterative model-building process, however, may 
be insufficient to validate the hypothetical model and experimental
results. Therefore, another interactive communication cycle between 
in silico and wet experiments makes such a process more efficient
[17,79,86]. Computational models can be directly refined from new
experimental data, and subsequently the resultant in silico perturba-
tions of the refined model can suggest new experimental design. Thus,
new knowledge can be effectively generated after several iterations
and interactions, thereby facilitating the improvement of strains suitable
for successful industrial applications. Consequently, the essence of 
systems biotechnology resides in the integration of wet and dry exper-
iments to achieve a goal of rational metabolic design. In the following,
two examples are presented to illustrate the truly enormous range 
of possibilities for the systems biotechnological strategy afforded by
high-throughput experiments and in silico modeling and simulation
(case studies 3 and 4).
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CASE STUDY 3: PREDICTION AND VALIDATION OF THE IMPORTANCE OF THE

ENTNER–DOUDOROFF (ED) PATHWAY IN PHB BIOSYNTHESIS BY METABOLICALLY

ENGINEERED E. coli

Poly(3-hydroxybutyrate), PHB, is one of the most common members 
of the polyhydroxyalkanoates (PHAs) and is a biodegradable polymer
that can be used as an excellent alternative to conventional petro-
chemical-based polymers [87,88]. However, the production cost of PHB
should be considerably reduced to make it competitive with petroleum-
derived plastics. To achieve this goal, much effort has been exerted to
develop metabolically engineered strains for the efficient production
and recovery of PHB [88–90]. In this case study, we show the systems
biotechnological procedures taken to understand the metabolic charac-
teristics of an engineered E. coli strain producing large amounts of PHB.

Step 1: Development of metabolically engineered E. coli strain. The PHB
biosynthesis operon of Wautersia eutropha and Alcaligenes latus
encodes three enzymes: b-ketothiolase, reductase, and PHB synthase
[89,91,92]. b-Ketothiolase condenses two acetyl-CoA moieties to form
acetoacetyl-CoA, which is then reduced to (R)-3-hydroxybutyryl-CoA
by an NADPH-dependent acetoacetyl-CoA reductase. PHB synthase
finally links (R)-3-hydroxybutyryl-CoA to the growing chain of PHB
(figure 7.10). Plasmid-based expression of the W. eutropha or A. latus
PHB biosynthesis genes in E. coli led to the accumulation of a large
amount of PHB from glucose [92,93]. In order to understand the metabolic
characteristics of the engineered E. coli strain, which accumulates PHB
to a surprisingly high level (up to 90% of dry cell weight) inside the cell,
systems biotechnological research was carried out as described below.

Step 2: Construction of in silico model. The in silico metabolic model
describing recombinant E. coli metabolism is derived from the publicly
available information and database [75,94]. The three-step PHB biosyn-
thetic pathway, which is heterologous to E. coli, is also introduced in
the in silico metabolic model. For simplicity, a small metabolic model
consisting of 310 reactions and 295 metabolites was constructed and
employed [95].

Step 3: In silico experiment. The constraints-based flux analysis was 
carried out to quantify flux distribution under various conditions.
During the simulation, the previously reported fermentation data
during PHB production were imposed as additional constraints [96,97].
Metabolic fluxes under PHB-producing conditions were determined
for two different PHB contents of 49% (figure 7.11a) and 78% 
(figure 7.11b) of dry cell weight, and were compared with those under
non-PHB-producing condition. Bold arrows indicate the increased
fluxes by more than 2-fold while dotted arrows indicate the decreased
fluxes to less than half under PHB-accumulating conditions.
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First, in the case of PHB accumulation up to 49% of dry cell weight
[96], it was predicted that about 24% of total carbon flux was directed
to the PHB pathway, and most of it was supplied through the
Entner–Doudoroff (ED) pathway (figure 7.11a). The flux of acetyl-CoA
into the TCA cycle, which competes with the PHB biosynthesis 
pathway, decreased significantly. Next, the intracellular flux distribu-
tion in recombinant E. coli that accumulated PHB up to 78% of dry cell
weight was simulated [97] and compared with that predicted in a 
non-PHB-producing strain (figure 7.11b). A significant amount of carbon
flux (74%) was directed into the PHB biosynthetic pathway, and most
of the other intracellular fluxes were severely reduced. Again, it was
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Figure 7.10 Simplified metabolic reaction network of engineered E. coli for the
production of PHB. Bold arrows indicate three heterologous reactions that are
newly introduced into E. coli.
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most notable that the ED pathway flux was highly activated under 
the PHB-producing condition. The fluxes of the pentose phosphate
(PP) pathway and cellular material synthesis were not greatly affected
when the PHB content was 49% but were significantly decreased by
more than 90% when the PHB content was 78%. It has been generally
accepted that the ED pathway is not functional in E. coli when glucose
is used as a carbon source. However, the in silico simulation studies
suggested that the ED pathway is important for PHB production from
glucose in recombinant E. coli. Since the in silico prediction cannot 
be trusted 100%, the roles of the ED pathway on PHB biosynthesis 
in recombinant E. coli were examined experimentally.

Step 4: Experimental validation. To verify the importance of the ED
pathway on PHB production in E. coli as suggested by in silico sim-
ulation, actual experiments including gene manipulation, cultivation,
and proteome analysis were performed. The eda mutant strain KEDA
and its parent strain KS272 were transformed with pJC4, which harbors
the A. latus PHB biosynthesis operon, and were compared for their
ability to produce PHB in LB and MR media containing 20 g/l of glu-
cose at 30°C (table 7.2). The final PHB contents obtained with 
the eda mutant strain KEDA (pJC4 + pACYC184) were 61.9 wt% of dry
cell weight in LB medium and 44.0 wt% in MR medium, which 
are lower than those (75.9% and 60%, respectively) obtained with
KS272 (pJC4 + pACYC184). When the activity of Eda was restored by
the coexpression of the eda gene in KEDA (pJC4 + pAC104Eda), the
PHB contents increased back to 72.5 wt% of DCW in LB medium and
64.5 wt% in MR medium.
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Figure 7.11 Pictorial representation of the intracellular fluxes (mM/g dry 
cell weight/h) in recombinant E. coli producing PHB versus wild-type 
E. coli not producing PHB; the flux values are given in parentheses for (a) 
PHB content of 49%/non-PHB-producing condition, (b) PHB content of
78%/non-PHB-producing condition. Bold arrows indicate the fluxes that 
are increased by more than 2-fold, while dotted arrows indicate the fluxes 
that are decreased to less than a half. Abbreviations: 2K3D6PG, 2-keto-3-
deoxy-6-phosphogluconate; (R)-3HBCoA, (R)-3-hydroxybutyryl-CoA; 6PG, 
6-phosphogluconate; AcetoCoA, acetoacetyl-CoA; AcCoA, acetyl-CoA; CIT,
citrate; T3P2, dihydroxyacetone-phosphate; E4P, erythrose-4-phosphate; F16P,
fructose-1,6-diphosphate; F6P, fructose-6-phosphate; FUM, fumarate; T3P1,
glyceraldehyde-3-phosphate; PHB, poly(3-hydroxybutyrate); ICT, isocitrate;
AKG, a-ketoglutarate; LAC, lactate; MAL, malate; OA, oxaloacetate; PEP,
phosphoenolpyruvate; PYR, pyruvate; R5P, ribose-5-phosphate; RL5P,
ribulose-5-phosphate; SUCC, succinic acid; Suc-CoA, succinyl-CoA; X5P,
xylulose-5-phosphate. Reproduced with permission from Hong et al. [95].
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These results verify the essential role of the ED pathway during 
PHB biosynthesis in recombinant E. coli as predicted by in silico exper-
iment. The increase in the ED pathway flux during PHB production 
is also experimentally supported by the proteome analysis of a different
E. coli strain, XL1-Blue, which showed an increase in Eda expression
level under PHB-producing condition [31]. It should be noticed that
there exists the possibility that metabolic pathways might be differ-
ently controlled in different E. coli strains, which can also be studied 
in a similar way. This case study demonstrates the effectiveness of the
systems biotechnological approach to elucidate previously unknown
metabolic characteristics.

CASE STUDY 4: INCREASING THE METABOLIC FLUX TO SUCCINIC ACID IN

E. coli BY SYSTEMS BIOTECHNOLOGICAL RESEARCH CYCLE

There have been many successful cases of the development of meta-
bolically engineered E. coli strains for the production of succinic acid
(C4), which is used as a food additive, an ion chelator, and a precursor
of polymers, and has been chemically produced from maleic anhydride
[98]. Recently, metabolic engineering of E. coli by heterologous gene
expression (the pyc gene encoding pyruvate carboxylase), amplification
of an inherent gene (the ppc gene encoding phosphoenolpyruvate 
carboxylase), and deletion of several genes (ptsG, ldhA, pfl) has shown
the possibility for the biotechnological production of succinic acid. In
this case study, the aim is to develop an E. coli strain that is able to over-
produce succinic acid by means of comparative genomics and
metabolic flux prediction, followed by subsequent gene knockout and
cultivation experiments. This approach follows the systems biotechno-
logical research cycle toward stain improvement as shown in figure 7.12.
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Table 7.2 Results of flask cultures of recombinant E. coli strains producing
PHBa

Dry cell PHB conc. PHB content
Strain (Plasmidb) Mediumc weight (g/l) (g/l) (wt%)

KS272 (pJC4 + pACYC184) LB 4.13 3.12 75.9
KEDA (pJC4 + pACYC184) LB 4.40 2.70 61.9
KEDA (pJC4 + pAC104Eda) LB 6.10 4.40 72.5
KS272 (pJC4 + pACYC184) MR 4.30 2.50 60.0
KEDA (pJC4 + pACYC184) MR 4.50 2.00 44.0
KEDA (pJC4 + pAC104Eda) MR 6.20 4.00 64.5
aThese data were taken from [95].
bpJC4 is a high copy number plasmid harboring the A. latus PHB biosynthesis operon.
pAC104Eda is a pACYC184 derivative harboring the eda gene. Plasmids pJC4 and pACYC184
are compatible in E. coli.
cGlucose was added to 20 g/l in both media. Abbreviations are: LB medium, Luria-Bertani
medium [101]; MR medium, a chemically defined medium [102].

0195300815_0193-0231_ Ch-07.qxd  23/6/06  4:56 PM  Page 220



Step 1: Comparative genomics for specifying candidate genes. Recently, 
the full genome sequence of M. succiniciproducens MBEL55E, and the
genome-scale metabolic characteristics leading to high-level succinic acid
productions, were published [38]. In this step, comparative genome
analysis of this succinic acid-producing strain, M. succiniciproducens, and
E. coli was conducted to select gene candidates for strain improvement.

Systems Biotechnology 221

Figure 7.12 Procedures for strain improvement combined with in silico
prediction. Step 1: Comparative analysis of two bacterial genomes, E. coli and
M. succiniciproducens, was conducted to select knockout gene candidates for the
subsequent in silico perturbation. Step 2: In silico experiments were then
carried out by means of constraints-based flux analysis, suggesting target genes
for the overproduction of succinic acids. Step 3: Combinatorial gene knockout
experiments were carried out within the suggested candidate genes, and
experimental data were obtained by actual cultivation. Finally, an engineered
strain for the enhanced succinic acid production could be successfully
designed.
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The resultant genes include the ptsG, pykF, mqo, sdhABCD, and aceBA
genes that were not found in the genome of M. succiniciproducens, 
and only in the central pathway of E. coli. In addition, the pflB and 
ldhA genes were selected for gene candidates from the literature 
information [99].

Step 2: Modeling and simulation. Next, constraints-based flux analysis
was carried out to rationally select the target genes to be manipulated in
the subsequent experiments. Initially, a genome-scale in silico E. coli
model comprising 814 metabolites and 979 metabolic reactions was con-
structed from the publicly available information and database [75,94].
Then, a variety of in silico knockout strains were designed by fixing the
relevant fluxes at zeros among candidate genes (i.e., aceBA, ldhA, mqo,
ptsG, pykFA, pfl, and sdh) identified in step 1. For each knockout strain
based on the in silico model, the correlation between the biomass forma-
tion and succinic acid production was examined in various mutant
strains in silico. This was achieved by maximizing the growth rate while
recursively limiting the level of succinic acid production in the flux
model, thereby identifying gene targets for succinic acid overproduction.
Finally, among all mutant strains, only the five cases (DpflB, DptsG pykFA,
DptsG pfl ldhA, DptsG pykF pykA pfl, and DptsG pykF pykA pfl ldhA) were
predicted as possible candidates capable of both overproducing succinic
acid and sustaining biomass formation (table 7.3 and figure 7.13).

Step 3: Gene knockout and cultivation for strain engineering. According 
to the predictions in step 2, several mutant strains were constructed 
by gene knockout experiments and cultured to examine succinic acid
production (tables 7.4 and 7.5). Interestingly, anaerobic cultivation 
profile of E. coli W3110GFA (ptsG pykF and pykA triple knockout
mutant) showed about a 3.4-fold increase in succinic acid formation
with significant reduction of other fermentation products (8.29-fold
increase in succinic acid ratio) in 24 h of anaerobic fermentation (table 7.5).
In addition, E. coli W3110GFA could convert 50 mmoles of glucose to
17.4 mmoles of succinic acid, while other mutants did not exceed 
3 mmoles of succinic acid (data not shown). These results are con-
sistent with in silico prediction (table 7.3), and thus prove the
effectiveness of the systems biotechnological approach.

FUTURE PERSPECTIVES ON SYSTEMS BIOTECHNOLOGY

The cell is a complex system. Various types of biochemical processes
are seamlessly integrated for generating mass and energy (metabolic),
transmitting information (signaling), and regulating cellular and 
metabolic behaviors (gene regulatory) through complex networks and
pathways of the molecular interactions and reactions [100]. Thus, 
systemic and integrative approaches to systems biotechnology allow
us to understand its organization within a more global context of the
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Table 7.3 In silico prediction of succinic acid fluxes in E. coli W3110 mutants

Maximum  Succinic acid Succinic 
biomass formation production rate acid flux 

Disrupted genes rate (h−1) (mmol/g DCW/h) ratioa

Wild-type 0.2156 0.1714 0.002
PykFA 0.2156 0.1714 0.002
PtsG 0.1884 0.1714 0.002
PflB 0.1882 0.857 —
ldhA 0.2156 0.1714 —
ptsG pykFA 0.1366 6.834 0.231
ptsG mqo 0.1884 0.1714 —
ptsG sdhA 0.1884 0.1714 —
ptsG aceBA 0.1884 0.1714 —
pykFA sdhA 0.2156 0.1714 —
pykFA aceBA 0.2156 0.1714 —
mqo sdhA 0.2156 0.1714 —
mqo aceBA 0.2156 0.1714 —
sdhA aceBA 0.2156 0.1714 —
ptsG pfl ldhA 0.1611 0.6856 —
ptsG pykF pykA pfl 0.1219 9.1236 0.503
ptsG pykF pykA pfl ldhA 0.1219 9.1236 0.503
aCalculated as succinic acid/(succinic acid + lactate + formate + acetate + ethanol).

Figure 7.13 Computationally predicted tradeoff curves for several in silico
mutants. Closed circles, wild-type; open circles, DptsG; closed triangles, DpflB;
open triangles, DptsG DpykFA; close squares, DptsG DpykFA DpflB; open squares,
DptsG DpflB DldhA; closed diamonds, DptsG DpykFA DpflB DldhA under aerobic
condition; open diamonds, DptsG DpykFA DpflB DldhA under anaerobic
condition. Abbreviations: ptsG, phosphotransferase systems; pyk, pyruvate
kinase; pflB, pyruvate formate-lyase; ldhA, D-lactate dehydrogenase.
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Table 7.4 E. coli mutant strains and their genotypes

Strain Genotype or gene knockouts

E. coli W3110 Wild type
E. coli W3110A pykA::Kmr

E. coli W3110G ptsG::Spr

E. coli W3110GF ptsG::Spr, pykF::Tcr

E. coli W3110GFA ptsG::Spr, pykF::Tcr, pykA::Kmr

E. coli W3110GFAP ptsG::Spr, pykF::Tcr, pykA::Kmr, pflB::Cmr

E. coli W3110GFAPL ptsG::Spr, pykF::Tcr, pykA::Kmr, pflB::Cmr, ldhA::Pmr

E. coli W3110GFO ptsG::Spr, pykF::Tcr, mqo::Cmr

E. coli W3110GFH ptsG::Spr, pykF::Tcr, sdh::Kmr

E. coli W3110GFHO ptsG::Spr, pykF::Tcr, sdh::Kmr, mqo::Cmr

E. coli W3110GFHOE ptsG::Spr, pykF::Tcr, sdh::Kmr, mqo::Cmr, aceBA::Pmr

Kmr, kanamycin resistance; Spr, spectinomycin resistance; Tcr, tetracycline resistance;
Cmr, chloramphenicol resistance; Pmr, phleomycin resistance.

Table 7.5 Cultivation products formed by E. coli W3110 mutants under
anaerobic condition

Concentration of cultivation 
substrate or products (mM)a Succinic

Strain OD600 Glucoseb Succinic aicd acid ratioc Fold

W3110 1.79 ± 0.11 5.07 ± 0.45 2.43 ± 0.03 0.017 1.00
W3110A 1.62 ± 0.04 5.05 ± 0.56 1.93 ± 0.02 0.012 0.75
W3110G 1.47 ± 0.01 5.66 ± 1.77 2.16 ± 0.08 0.014 0.86
W3110GF 1.46 ± 0.04 4.28 ± 1.42 2.83 ± 0.07 0.019 1.15
W3110GFO 1.49 ± 0.07 4.68 ± 0.35 2.67 ± 0.33 0.018 1.07
W3110GFH 1.35 ± 0.01 4.70 ± 0.39 2.51 ± 0.02 0.017 1.02
W3110GFA 0.73 ± 0.06 20.57 ± 3.02 8.16 ± 0.01 0.137 8.29
W3110GFOH 1.28 ± 0.11 4.82 ± 0.48 2.58 ± 0.03 0.016 1.00
W3110GFOHE 1.27 ± 0.05 4.25 ± 0.27 2.49 ± 0.18 0.017 1.03
W3110GFAP 0.682 ± 0.16 12.2 ± 0.04 8.45 ± 0.05 0.214 12.60
W3110GFAPL 0.05 ± 0.02 41.6 ± 0.8 0.39 ± 0.01 0.19 11.53
a 24 h anaerobic vial cultivation.
bResidual glucose concentration measured (50 mM initial glucose).
cCalculated as succinic aicd/(succinic acid + lactate + formate + acetate + ethanol).

system, and eventually to discover a true knowledge map for the 
functions of the living system. Although the metabolic system was 
the main focus of this chapter, other processes such as signaling and
regulatory networks can be combined to predict more accurate behavior
of the cell under the particular condition.

Systems biotechnology is a discipline that has only recently been
introduced and presents a variety of technical challenges. The central
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task of systems biotechnology is to comprehensively collect the global
cellular information and omics data at different scales ranging from
DNA and RNA to proteins, metabolites, and fluxes, and to combine
such data in order to generate predictive computational models of 
the biological system. In this context, bioinformatic data analysis and
interpretations of x-omic data needs to be improved as more and more
data are collected. Each x-ome alone is not enough for understanding
cellular physiology and regulatory mechanisms due to the existence of
an information gap among the x-omes and the behavioral phenotype
[22]. As mentioned earlier, the transcriptome cannot explain transla-
tion, posttranslational regulations, and protein–protein interactions.
Furthermore, the amount of protein is not always proportional to the
activity of the protein, which in turn is not always proportional to 
the metabolic flux. Thus, it is indeed required to carry out combined
analysis of all x-omes to better understand the cellular physiology 
and metabolism at the systems level. By doing so, strategies for meta-
bolic and cellular engineering of organisms at the true whole-cell level
can be developed.

In silico modeling and simulation of the complex biological system
is invaluable to organize and integrate the available metabolic knowl-
edge and to design the right experiments. Most importantly, the
number of real wet experiments can be minimized by carrying out 
in silico experiments using the computational model. In silico pertur-
bation of the metabolic system can provide crucial information on
cellular behavior under varying genetic and environmental perturba-
tions, thereby suggesting a multitude of strategies for the development
of efficient biotechnology processes. The current predicting power of
biological simulation, however, is limited by insufficient knowledge 
of global regulation and kinetic information, and thus in silico design-
based process development is still far from perfection. Will we ever be
able to have a whole-cell model that truly resembles the real cell in
every aspect? We will reserve the answer, hopefully a positive one, 
to the near future since much effort is being devoted to whole-cell mod-
eling and simulation, thus giving optimistic expectation to develop a
system that allows more accurate simulation of metabolic and regula-
tory behaviors [41]. In the meantime, we can enjoy the great advantage
of having large-scale in silico models and global-scale omics data for
strain improvement as described in this chapter.

Systemic integration of heterogeneous sectors is an ongoing trend
in every field. In industrial biotechnology, this trend is also being
driven by combining omics together with in silico modeling 
and simulation. Although much remains to be done to integrate all
these systems of biotechnological components, the future seems to
be bright toward the goal of whole-cell level understanding and
engineering.
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