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The genome-scale cellular network has become a necessary tool in the systematic
analysis of microbes. In a cell, there are several layers (i.e., types) of the molecular
networks, for example, genome-scale metabolic network (GMN), transcriptional
regulatory network (TRN), and signal transduction network (STN). It has been realized
that the limitation and inaccuracy of the prediction exist just using only a single-layer
network. Therefore, the integrated network constructed based on the networks of
the three types attracts more interests. The function of a biological process in living
cells is usually performed by the interaction of biological components. Therefore, it is
necessary to integrate and analyze all the related components at the systems level for
the comprehensively and correctly realizing the physiological function in living organisms.
In this review, we discussed three representative genome-scale cellular networks: GMN,
TRN, and STN, representing different levels (i.e., metabolism, gene regulation, and
cellular signaling) of a cell’s activities. Furthermore, we discussed the integration of the
networks of the three types. With more understanding on the complexity of microbial
cells, the development of integrated network has become an inevitable trend in analyzing
genome-scale cellular networks of microorganisms.
Keywords: integrated network, metabolic network, regulatory network, signal transduction network,
microorganism

INTRODUCTION
With the development of bioinformatics and system biology, large-scale cellular network comes
into the sight of researchers. Bioinformatics, based on data processing, model construction and
theoretical analysis, integrates information from different molecular levels to understand how the
biological system works. According to the types of biological information processing encoded
in the network, the cellular networks have been classified into different types: genome-scale
metabolic network (GMN), transcriptional regulatory network (TRN), and signal transduction
network (STN). The most well-studied large-scale biological network is GMN, which is a
fundamental framework in systems metabolic engineering (Kim et al., 2015). With the first GMN
constructed for Haemophilus influenzae Rd (Edwards and Palsson, 1999), the current GMN allows
systematic level predictions of metabolism in a variety of organisms (Yilmaz and Walhout, 2017).
The main concept of transcriptional control was established in bacterial system by Jacob and
Monod (1961). In the past decades, the development of genomic technology and computational
biology promotes the construction of large-scale TRNs (Brent, 2016). The TRN is composed of
the interactions between different transcriptional factors (TFs) and target genes. A TF, which
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allows an in-depth functional analysis of the biological metabolic
system, which is different from the traditional approach analysis
or biological response analysis, but try to understand the whole
metabolic system from the systematic view. GMN brings a
more comprehensive and accurate insight into cell metabolism
of the whole system and the interaction relationships between
different metabolic processes. On the other side, the topology
of the metabolic networks among many organisms can reflect
the dynamics of the metabolic system evolution, which can
help us understand the history of life evolution in the context
of metabolism (Ravasz et al., 2002; Stelling et al., 2002;
Zhao, 2008; Deyasi et al., 2015). In all the genome-scale
biological networks, GMN is the most extensive and deepest
studied network, with its construction procedures generally
normalized in Palsson’s review (Thiele and Palsson, 2010).
The process of constructing of a metabolic network mainly
consists of four parts, including data collection, relationship
model establishment, data curation, and transformation into a
mathematical model (Thiele and Palsson, 2010). To date, the
construction of metabolic network has been able to realize
some degree of automation, and therefore, 100s of metabolic
networks in different organisms have been constructed (Hao
et al., 2012).
Genome-scale metabolic network can be used to simulate
the growth of organisms. Among the GMNs, the most accurate,
comprehensive and classical model in microorganisms is the
GMN of Escherichia coli named iJO1366, which was constructed
by Palsson’s group in 2011. The model achieved 67.7 and 96%
accuracies for the prediction of essential and non-essential genes
in E. coli. It is capable of simulating the growth of E. coli on
334 kinds of nutrients (Orth et al., 2011). Recently, a novel
updated GMN of Clostridium difficile which called iCDF834 has
been presented. This network was constructed based on the
model iMLTC806cdf and transcriptome data, which detailed the
gene expression of the bacteria in various environments. It is
worth mentioning that the synonymous codon usage bias was
introduced into the model to remedy the inconsistence between
gene expression and protein abundance, which is the first time
that codon has been integrated into a GMN. The model achieved
a quite high (92.3%) accuracy in predicting gene essentiality
(Kashaf et al., 2017).
The GMN can be used to guide the metabolic engineering
experiments. Using Bacillus subtilis as an example, Hao et al.
(2013) constructed a GMN of B. subtilis, named iBSU1147. The
model has been used to successfully predict the yields of four
industrial products produced by B. subtilis [i.e., riboflavin, (R,R)2,3-butanediol, cellulase Egl-237, and isobutanol]. The results
have provided important guidance for the in vivo experiments
(Hao et al., 2013). Recently, Piubeli et al. (2018) constructed
a GMN iFP764 of halophilic bacterium Chromohalobacter
salexigens to explore the cell factory for producing ectoine. This
model was constructed based on the experimental data, genome
sequences and re-annotation of metabolic genes. The GMN is
capable of simulating the metabolic situation of C. salexigens
in low and high yield of ectoines. The salinity-specific essential
genes and the patterns of correlated reactions in central carbon
and nitrogen metabolisms response to the change of salinity

is encoded by a gene itself, may influence the expression of one
or more target genes, which may subsequently give rise to the
expression change of a serial of proteins or genes. The STN is
different from the TRN in network structures and timescales. The
STN contains protein–protein and protein–gene interactions,
which includes multiple routes of rapid cell response to the
external stimuli, whereas the TRN may need to produce sustained
patterns of cellular activity over time (Babu et al., 2004; Papin
et al., 2005). On the other hand, some proteins in the STN are TFs,
which indicates some genes/proteins are in common between
STNs and TRNs. The detailed comparisons of these networks
have been described in the review (Wang et al., 2007).
From a system point of view, different kinds of biological
networks are not working alone, but cooperate with each other to
undertake their functions. Integrated network studies will build a
more realistic model by investigating the interacting relationships
and interacting effects among organism’s different information
processing components in its system. This kind of models has
an important sense to the theoretical research of living systems
and the construction of genetic engineering strains (Wang et al.,
2010). In this article, we discussed the research progress about the
integrated networks in microorganisms.

CELLULAR NETWORK
Cellular network analysis has become a hot research area in
bioinformatics and system biology; it utilizes computer model
and experimental data to analyze complex biological system in
a global view, and offers guidance and expectation for in vivo
experiments (Wu and Ma, 2014). Due to the complexity of the
biological system, researchers have classified cellular networks
into GMN, TRN, and STN based on the types of information
processing of biological molecules.

Genome-Scale Metabolic Network
Due to the advances of genome sequencing, high-throughput
data have been rapidly produced, which drives a transition
from the traditional biology research. On the basis of genome
sequencing and annotations in huge amounts of data, metabolic
network reconstruction in a genome-scale has been developed
rapidly (Francke et al., 2005; Notebaart et al., 2006). Currently,
GMN has become an indispensable tool for studying the
biological metabolic system (Pal et al., 2006; Feist and Palsson,
2008). It has important applications on designing classic
paths of metabolic engineering, inverse metabolites synthesis,
metabolic flux analysis, evolution analysis of metabolic pathways
between different species, mining omic data, and identifying
of the marks in enzyme engineering (Soh and Hatzimanikatis,
2010). GMN construction is based on genomic sequences,
combining with genes, enzyme reactions, metabolic databases
and related experimental data, to quantitatively study the
metabolic processes of living organisms from a systematic
perspective. All biochemical reactions in the cell have been
included as a network and the GMN reflects the interactions
between all the compounds involved in the metabolic processes
and all the catalytic enzymes. The construction of a GMN
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such as SMILEY algorithm, GapFind/GapFill, and PathoLogic;
Step 2: construction of the TRN based on bibliomic data
or high-throughput data; Step 3: transforming a genomescale reconstruction of the interactions into a computational
model; Step 4: curation the network by adding physiological
or in vivo experimental information to the genes and the
network.
Transcriptional regulatory network is a very complex nonlinear system. Therefore, it is difficult to be described in a
mathematical model. So far, the studies of the TRN are still
in the exploration stage in many aspects, and scientists are
constantly exploring new and better ways to construct a more
complete TRN. Using Bacillus as an example, in Sierro et al.
(2008) improved the database of transcriptional regulation in
B. subtilis (DBTBS), which is constructed in 1999 for collecting
the information of experimentally characterized TFs, and they
nearly doubled the information in DBTBS. Freyre-Gonzalez
et al. (2013) examined each regulatory element that constituted
the TRN of B. subtilis and presented some lessons from the
construction processes. Arrieta-Ortiz et al. (2015) used the
TRN of B. subtilis to calculate the activity of TFs with a new
combination of composition analysis based on a large number of
known transcriptome data and experimental data of B. subtilis.
They predicted 2258 new regulatory interactions and recalled
74% previously known interactions with this model. The accuracy
of predicted new regulation edges was 62% (391/635) (ArrietaOrtiz et al., 2015). Faria et al. (2016) expanded a TRN for
the central metabolism of B. subtilis reconstructed in 2008
by integrating the regulation information in DBTBS. They
demonstrated that atomic regulons (ARs), which are the sets
of genes with the same expression profile, are the effective
references for improving the regulatory networks by finding
the closely correlated genes in the ARs. The expanded model
contains the regulatory information for 2500 of the 4200 genes
in B. subtilis 168 (Faria et al., 2016). In addition, Gui et al.
(2012) searched for the homologous TFs and their regulatory
genes in the genetically closest pattern bacteria – B. subtilis, and
used comparative proteomics to forecast a regulatory networks
of Bacillus pumilus, which contains 195 TFs and 1201 controlled
genes. The results of their study showed that comparative
genomics is a reliable method to speculate the gene regulation
network of some species based on the gene transcriptional
regulatory relationships of their genetically close organism, which
is the best and a widely studied model organism. This method
offers a feasible way to explore some organisms’ regulatory
networks without large-scale gene expression data (Gui et al.,
2012).
The TRN can also be used to treat the human disease.
Recently, Fowler and Galan (2018) built a regulatory network
of Salmonella typhi, a pathogen causing typhoid fever. Typhoid
fever, which is a frequently happened disease in human,
was mainly caused by the typhus toxin secreted by S. typhi.
Typhoid fever toxin is expressed uniquely by intracellular
bacteria with unknown regulatory network. Fowler and
Galan (2018) built the TRN of S. typhi and developed an
algorithm called FAST-INSeq to identify the genes and
mutants which influence the expression of typhoid toxins.

were also simulated. The network is a useful tool to improve the
production of ectoines with bacteria (Piubeli et al., 2018).
The GMN also has an important value for drug discovery.
Chen et al. (2015) constructed a GMN of Treponema pallidum.
T. pallidum has a very specific metabolic network compared
to those of other bacterial pathogens. It lacks the oxidative
phosphorylation tricarboxylic and acid cycle pathways as well
as is incapable of synthesizing enzyme cofactors, fatty acids,
and most amino acids. By analyzing topological structure and
minimal cut sets of the network, they found that some hub
reactions in pyrimidine and purine metabolisms play significant
roles in T. pallidum, which may be helpful drug targets in the
treatment of syphilis, a sexually transmitted infection caused by
the T. pallidum (Chen et al., 2015). In the same year, Steinway
et al. (2015) constructed a GMN of intestinal bacteria based on
experimental data. This network summarized the relationships
between clindamycin and clostridium infection. Based on the
analysis of topological and chemical properties of the network,
the drug targets could be screened using the GMN, which can
be used in the design of the drug-molecule model (Cong, 2010)
and subsequently be applied in the treatment of anticlostridium.
They verified that B. intestinihominis can indeed slow the growth
of C. difficile through in vitro experimental validation (Steinway
et al., 2015).
Theoretically speaking, the number of completed genome
sequenced species should be as same as the number of
corresponding GMNs. However, the current number of GMNs
is much less than the number of sequenced species. The main
reason is that the network construction pipeline still needs
manual proofreading procedures due to the imperfect genetic
annotation algorithm. In addition, the incomplete understanding
of biochemical mechanisms also affects the development of
metabolic networks (Wang et al., 2010).

Genome-Scale Gene Transcriptional
Regulatory Network
Gene transcriptional regulation is the most basic and important
regulation mechanism in organisms. Therefore, computational
analysis of the gene transcriptional regulation is helpful for
the understanding of the interactions between transcriptional
processes and TRNs, and could provide support for the
understanding of the mechanisms of biological activities
(De-nan, 2014).
The basic components of TRNs are the interactions
between transcription factors (TFs) and the related target
promoters which function in the activation or repression
of gene transcription. In this definition, the intracellular
signals that regulate TF activities or any other additional
mechanisms that may influence the expression of genes were
excluded, as well as the upstream environmental. Although
the development of TRN is not as mature as that of GMN, the
current TRN construction is more and more standardized and
automated. The detailed construction method of the TRN in
microorganism can be seen in this paper (Feist et al., 2009).
The network construction method is roughly divided into
four steps: Step 1: an automated genome-based construction
with automated procedures and applying automated tools,
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circle (Wang et al., 2018), and cellular adhesion (Zheng et al.,
2014). At the meantime, much more efforts are being made
to construct large-scale STNs. Therefore, it is challenging to
model the large STNs. Even though signaling network in bacteria
is not as complex as those in eukaryotes, the construction of
a large-scale STN is still a major challenge. Vinayagam et al.
(2011) constructed a protein–protein interaction network to
resembling the signal transduction flow between 1126 proteins,
in which the interactions were obtained from yeast two-hybrid
experiments of more than 450 signaling proteins. This network
has been used to predict 18 previously unknown modulators
in EGF/ERK signaling. Their results shows that the integration
of genetic experiments and the computational approach is
valuable for elucidating interactions between signaling proteins
and facilities the identification of proteins in STNs (Vinayagam
et al., 2011). Wang et al. (2011) also performed an approach called
CASCADE_SCAN to construct STN with high-throughput data,
which further showed that the high-throughput experiments are
becoming a powerful tool for assisting in reconstructing largescale STNs. Besides, the integration of different techniques such
as optogenetics, protein design, surface patterning, and chemical
tools was reported to provide some valuable information of
the dynamic state of signals in the network and contribute
in the construction of large-scale STNs (Kamps and Dehmelt,
2017).

This network can help to understand the expressional
regulation of typhoid fever toxin in S. typhi, which would
contribute to the treatment of typhoid fever (Fowler and Galan,
2018).

Genome-Scale Signal Transduction
Network
Signal transduction is an important cellular activity, a living
cell can recognize, connect and interact with each other
through signal transduction pathway, and realize the overall
functional coordination and unity. Signal transduction carries
plenty of biological functions, and is closely connected with
the development of many diseases (Liu et al., 2008). In the
early years, scientists believed that the STN is a linear cascade
of information transmission and amplification. However,
due to more studies of the system, scientists found that
the concept mentioned above is incorrect. Therefore, a
new view taking a STN as a system consisting of multiple
complicated elements interacting in a multifarious fashion
emerges. This view conflicts with the protein-centric or singlegene approach commonly used in the traditional research
(Levchenko, 2003). Scientists found that except a few STNs
that contain fewer signals and simpler network structures,
such as Jak-STAT pathway, most STNs are fairly complex
(Papin and Palsson, 2004). In the cellular signaling system,
a large amount of phosphorylation and dephosphorylation
reactions makes the signal transduction process usually
reversible. The lacking of mass flow and the complexity of
network state changes make the STN different from the GMN
and TRN.
To determine the relationships between the mechanism and
molecular regulations in STNs, it requires a large number
of experiments. However, the standard single cell technique
contributes little to the STN because the states of signal change
dynamically and are different between individual cells (Kamps
and Dehmelt, 2017). Fortunately, computational approaches such
as bioinformatics analysis using known data and biological
knowledge can help to interpret the STN (Shlomi et al., 2006).
As early as Gomez et al. (2001) used a statistic model to calculate
the molecular interactions in Saccharomyces cerevisiae on the
basis of protein structure domain and network topology. This
method can generate potential signaling pathways and also
be applied to multiple species (Gomez et al., 2001). Rother
et al. (2013) summarized the approaches of constructing a
STN and classified them into three types: network topologybased method where network simulation could be applied using
Boolean models, network specific-state based method where
the network is simulated using differential equation models,
and reaction-contingency based method where the network is
simulated using agent based models, site-specific logical models
or bipartite Boolean models (Rother et al., 2013). Each of the three
methods performs well in small network modules. However,
when the scale of network extended to the genome level, none
of them is perfect for dealing with the whole information in
the entire STN (Le Novere et al., 2009). In recent years, lots
of small-scale STNs has been studied, such as the STN of
HRas (Herrero et al., 2017), mTOC1 (Hoxhaj et al., 2017), cell
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INTEGRATED NETWORKS IN
MICROORGNISMS
The establishment of various biological networks simulates and
validates key activities in cells. With the recent advances in highthroughput studies, it has been realized that it is necessary to
integrate different levels of biological information processing
networks to fully investigate the biological mechanisms of the
organisms (Kitano, 2002; Ryll et al., 2014). Therefore, the
integrated network based on different network types has become
a trend in the field of system biology and bioinformatics.

Integrated Metabolic-Regulatory
Networks
Metabolism and transcriptional regulation are two closely related
cellular activities. Metabolites (substrates or reaction products)
involved in metabolic reactions affect the activities of certain TFs
or signal transduction pathways. On the other hand, enzymecatalytic metabolic reactions are regulated by other genes or
proteins, and the expression of enzymes is different in different
environmental conditions. In recent decades, the integrative
modeling of metabolic-regulatory networks has become an
important research area in the modeling of microorganisms
(Imam et al., 2015).
Covert et al. (2004) reconstructed the first genome-scale
metabolic-regulatory integrated network of E. coli (iMC1010)
based on the information derived from literature and databases.
The network contains 906 metabolic genes and 104 regulatory
genes, which regulate the expression of about 53% genes
(479/906) in the E. coli metabolic network. This model is
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that the integration of the TRN and the metabolic network with
the gene-enzyme-reaction relationship could be the foundation
for the large-scale data integration and simulation analysis. The
advantages of this integrated network are the discoveries of the
relationships between transcription and metabolism in cells,
which can’t be achieved if using either metabolic network or
TRN only (Jiang et al., 2012).
Wang Z. et al. (2017) performed another algorithm called
Integrated Deduced And Metabolism (IDREAM) to construct
enhanced metabolic-regulatory integrated networks. IDREAM
integrated Environment and Gene Regulatory Influence Network
(EGRIN) models with the PROM framework. IDREAM performs
better than PROM in the prediction of the phenotype and genetic
interactions between TFs and metabolic processes in S. cerevisiae
(Wang Z. et al., 2017).
Currently, large-scale metabolic-regulatory integrated
network has been constructed for several microorganisms
such as E. coli (Chandrasekaran and Price, 2010), S. cerevisiae
(Herrgard et al., 2006), Helicobacter pylori (Schilling et al., 2002),
Phaeodactylum tricornutum (Levering et al., 2017), comma
shaped gram negative anaerobic bacteria (Mahadevan et al.,
2006) and C. glutamicum (Kromer et al., 2004). Integration
of metabolism and transcription processes is generally quite
straightforward. Metabolic network produces precursors to
synthesize the metabolites such as nucleotides and amino acids
which are required by transcription processes. On the other hand,
the TRN couples back to the metabolic network by managing
the expression of the enzymes in the metabolic network and
thus regulating the flux distribution among different metabolic
functions (Feist et al., 2009).

capable of predicting the previously unknown TFs, which
play important roles in regulating metabolic processes, and
interactions between metabolites and TFs (Covert et al., 2004).
In 2005, they further used the literature-curated network
iMC1010v1 to evaluate the performance of the functional
states calculated in 15,580 growth environments for E coli.
The results showed that the TRN responds mainly to the
electron acceptors, which agrees with known experimental
data. They also found that a complicated network had a
small amount of dominant modes and the network clusters of
activity profiles can be organized based on the activities of a
few TFs. The integrated network gives crisper references than
the single metabolic network for the further experiments to
determine the functional states of an organism (Barrett et al.,
2005).
Goelzer et al. (2008) reported a manually curated metabolicregulatory integrated network of B. subtilis. The network
includes post-translational regulations translational regulation,
and modulation of enzymatic activities in the central metabolism.
They decomposed the complex network into different locally
regulated modules and found that these modules were managed
by global regulators. Their results exhibited the functional
organization of the metabolic-regulatory integrated network of
B. subtilis (Goelzer et al., 2008).
Chandrasekaran and Price (2010) proposed an algorithm
named probabilistic regulation of metabolism (PROM) and
constructed a genome-scale regulatory-metabolic integrated
network model for E. coli and Mycobacterium tuberculosis.
Before this effort, another method named regulatory flux balance
analysis (rFBA) has been used to integrate transcriptional
regulatory with metabolic networks. rFBA used the Boolean
logic to link transcriptional control to the metabolic process,
which permits only on/off states of the network components
(Shlomi et al., 2007). PROM introduces probabilities instead
of Boolean rules to represent gene expression and the
interactions between gene and TF (Simeonidis et al., 2013).
The analysis of integrated E. coli network demonstrates that
metabolic-regulatory integrated network is more accurate and
comprehensive than the models constructed based on manual
curation of literature. The integrated M. tuberculosis model
incorporated data from more than 2,000 TF, 1,300 microarrays,
1,905 KO phenotypes and 3,300 metabolic reactions. The
application of PROM on this model shows the capability of
PROM on various organisms. Particularly, they demonstrated
the outstanding capability of PROM in predicting the cellular
phenotypes, drug targets, and functions of less studied regulatory
genes.
Jiang et al. (2012) constructed a metabolic-transcriptory
integrated network of Corynebacterium glutamicum by
combining public databases and literature databases. The
network contains 1,384 reactions, 1276 metabolites, 88
regulators, and 999 transcriptional regulations. The study
systematically reorganized and analyzed the transcriptional
regulation information of C. glutamicum, and expanded it to
the metabolic network. They also preliminarily analyzed the
metabolic network of C. glutamicum on the basis of the bow-tie
structure of the network (Ma and Zeng, 2003). This work showed
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Integrated Regulatory-Signaling
Networks
The integration of microbial transcriptional regulatory and
signaling network is still in the preliminary stage. Wang and
Chen (2010) combined the transcriptional regulation and signal
transduction pathway (e.g., mainly presented in the form of
protein–protein interaction) to construct the integrated yeast
cellular network. The network connects these two networks
together to form an integrated network using the nodes (i.e.,
TFs) between the TRNs and signaling pathways. The integrated
cellular networks related to heat shock, hyperosmotic stress, and
oxidative stress were constructed and the connections between
these networks were further analyzed. With the hyperosmotic
stress related network, the highly connected hubs related to the
stress response were predicted. The analyses of these networks
have identified a few TFs to serve as the core in the bow-tie
structure and the essential elements for the rapid response to
stress. In addition, they also identified a couple of genes/proteins
related to stress responses or potential drug targets. This method,
however, only integrates the transcriptional regulatory data
with the protein–protein interaction in the signal transduction
pathways, but not the completed STN. In order to get a more
complete integration, it also needs to list all the components in
a STN, and then combined with the TRN for the integration
(Wang and Chen, 2010). Recently, Ignatius Pang et al. (2018)
construct another regulatory-signaling integrated network of
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S. cerevisiae with protein–protein interaction as the bridge
to link the regulatory (TF-gene pairs) and signaling (kinasesubstrate pairs) parts. This network was used to investigate the
negative genetic interactions and the genes in the negative genetic
interactions closely related to the toxicity (Ignatius Pang et al.,
2018).
In the study of algorithms, Roy et al. (2013) proposed
a method called MERLIN (Modular regulatory network
learning with per gene information) to reconstruct the
regulatory network by identifying the connections from
regulators, including proteins and TFs, to target genes. The
regulatory network constructed by MERLIN actually reflects
the integration of transcriptional regulation and signaling
networks. The application of MERLIN on S. cerevisiae captured
the co-regulatory relationships between downstream TFs and
signaling proteins, and therefore uncovering the upstream
signaling systems which control transcriptional responses (Roy
et al., 2013). With the investigation of the integrated network,
the regulation program of each gene in the human cells is much
clearer than the application of either individual TRN or STN.

dynamic quantitative signaling network, but these parameters
are rarely available. This aspect limits the integration of
metabolic and signal transduction. Boolean or stoichiometric
methods which do not require kinetics parameters or metabolite
concentrations might be a possible choice for the integration of
metabolic and signaling networks in the future.

Integrated Metabolic-Regulatory-Signaling
Networks
The integration of metabolic-regulatory-signaling networks is
a challenge issue in the study of integrated networks. On the
graphic view, there are common components (proteins or TFs)
in metabolic, regulatory, and signaling networks (Figure 1).
Therefore, it is theoretically possible to merge these three
types of cellular networks into one integrated network. While
actually, lots of elements should be considered in the integration
process, such as the logics and computability. On a small scale
network integration, Covert and Palsson (2002) developed a
method named integrated FBA (iFBA) to model the dynamic
behavior among metabolic, signaling, and regulatory networks.
This method combines FBA with ordinary differential equations
(ODE) and regulatory Boolean logic (Figure 2). They used
this approach to construct an integrated network model of
E. coli which combines a FBA based central carbon metabolicregulatory network with an ODE based model of carbohydrateuptaking-controlling network. They compared the prediction of
E. coli single gene perturbation disturbance phenotypes and wildtype for diauxic growth on glucose/glucose-6-phosphate and
glucose/lactose using rFBA and ODE methods. They found that
iFBA is capable of identifying the dynamics of three transporters
and three internal metabolites which cannot be predicted by

Integrated Metabolic-Signaling Networks
The development of integrated network for metabolic and
signaling networks is still in the very beginning stage. Few
metabolic-signaling integrated networks have been published.
Imam et al. (2015) discussed the challenges in the integration of
these two network types. Firstly, signaling mechanisms are closely
related to the specific concentrations of related molecules, while
constraint-based approaches widely used in metabolic network
analysis cannot reflect the metabolite concentrations. Secondly,
lots of kinetic parameters are required in the construction of

FIGURE 1 | Graphic view of the integrated cellular network.
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FIGURE 2 | Schematic diagram of iFBA.

high-throughput transcriptome and phenomic data. The
methodology is composed of four different algorithms including
Expression Balance Analysis (EBA), flux Variability Analysis
(FVA), TRAnscription-based Metabolic flux Enrichment
(TRAME) and FBA, which were sequentially used to calculate
the gene expression caused by the genetic or environmental
perturbations, the flux balance bounds modified by the predicted
gene expression, the metabolism-transcription interactions,
and the optimized objective function under the modified flux
bounds. With this methodology, the metabolism, transcription,
and signal transduction information were integrated into one
computable model. The application of this methodology on
E. coli showed that the integrated network has a more powerful
capability in phenotype prediction than the approaches using
metabolic network alone (Carrera et al., 2014).

rFBA alone. Furthermore, iFBA obtained different and more
accurate phenotype predictions in the wild-type simulations and
single gene perturbation simulations than the ODE model, which
indicates that iFBA is an improvement over either individual
rFBA or ODE method in network integration (Covert et al.,
2008).
Lee et al. (2008) proposed a method called integrated
dynamic FBA (idFBA) which could dynamically simulate cellular
phenotypes with integrated networks. idFBA was applicable
for the analysis of the integrated stoichiometric network of
metabolic, regulatory, and signal transduction processes. In this
method, the quasi-steady-state conditions were assumed for
“fast” reactions and then the “slow” reactions was incorporated
into the stoichiometric equation (Figure 3). idFBA has been
applied to a representative small network of S. cerevisiae, in which
metabolic, regulatory, and signaling activities have been included.
Finally, idFBA got similar results with an equivalent kinetic
model in the prediction of the influence of the extracellular
environment on the cellular phenotypes. The advantage of idFBA
is that it is capable of solving a linear programming problem
without the detailed kinetic parameters, which makes it a
possible approach for the genome-scale integration of metabolic,
regulatory, and STNs (Lee et al., 2008).
For a large-scale network integration, Karr et al. (2012)
collected information from 900 data sources, including reviews,
books and databases, and constructed a whole cell model
of Mycoplasma genitalium. This model includes data on
metabolism, signal transduction and transcriptional regulation,
and offers deep understanding on many previously unknown
cellular behaviors, such as the inverse relationship between
the replication rates and durations of DNA replication
initiation. Furthermore, experimental analysis based on the
model predictions has certified several previously undetected
biological functions and kinetic parameters (Karr et al., 2012).
However, due to the particularity of the species itself (e.g.,
unclear medium component, too small genome, etc.), the
experimental data is rare, so the model was built using lots
of data from other species, which makes it not suitable for
other species. The good news is that Carrera et al. (2014)
proposed a widely applicable modeling methodology for
integrated network reconstruction and reconstructed an E. coli
metabolic-regulatory-signaling integrated network by combining
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THE INTEGRATED NETWORKS OF
MICROORGANISMS AND HUMAN
DISEASES
As many microorganisms are closely related to non-infectious
human diseases, their biological networks naturally provide a
possibility for studying the complex mechanisms of human
diseases. For example, signal and metabolic network are usually
used to understand the mechanism of disease and drug discovery
(Hasan et al., 2012). In this point of view, another type
of integrated network, microbe-disease association network
integrated with microorganisms and human diseases, is also
a quite helpful tool for improving the treatment of human
diseases or development of new drugs. Up to date some
efforts has been made to develop the algorithms or models
for predicting the disease-related microorganisms based on
the microbe-disease association network. Chen et al. (2017)
developed a computational model KATZHMDA (KATZ measure
for Human Microorganism–Disease Association prediction)
based on an assumption that microorganisms with similar
function likely to have similar interactions and non-interactions
with diseases. With the similar assumption, Huang Y.A. et al.
(2017) also developed a computational model called NGRHMDA
(a neighbor- and graph-based combined recommendation
model for human microbe-disease association prediction) to
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FIGURE 3 | Schematic diagram of idFBA.

network, it is an irresistible trend of the analysis of cellular
networks. The integrated networks may provide better answers
to the issues such as how transcription-regulatory interactions
redirect flux distribution in a metabolic network; how a
environmental or genetic disturbance influences the phenotype
of an organism; or giving more accurate suggestions to the
experiment designs and driving biotechnology applications. As
lots of information is required in the reconstruction of a largescale integrated networks, high-throughput experiments will play
an increasingly significant role in the network integration. With
the development of sequencing technology in recent years, many
other types of cellular molecules involved in the regulatory
process has been identified with high throughput experiment,
and their related cellular networks have been studied, such
as the network of mRNA, microRNA (Ferguson et al., 2018),
lncRNAs (Zhang et al., 2018), and ceRNA (Xue et al., 2018).
These small molecules participate in the regulatory network and
control the RNA activity or gene expression directly or indirectly.
Therefore, the integration of these molecules with TFs provides
more information to the TRNs (Wong and Matus, 2017). With
the involvement of more types of elements in the molecular
networks, the integrated cellular networks will perform better
to simulate the activity of the real cells. Although integrating of
multiple types of information into a network will largely increase
its complexity and calculation difficulties, the integrated network
makes a computational network closer to a real cell, which pushes
us go further from the dream of reproducing real creatures on
computers.

predict the association between microorganisms and diseases.
They used a graph-based scoring method and neighbor-based
collaborative filtering to calculate the possibility of association
between microorganisms and diseases (Huang Y.A. et al.,
2017). Huang Z.A. et al. (2017) developed a computational
model PBHMDA (Path-Based Human Microorganism-Disease
Association prediction) based on the Gaussian interaction profile
kernel similarity calculation for microorganisms and diseases.
Besides, this model also integrated the known microbe-disease
relationships, and part of the results predicted with this model
has been confirmed by previous published literature (Huang
Z.A. et al., 2017). Similarly, Wang F. et al. (2017) proposed a
semi-supervised computational model LRLSHMDA (Laplacian
Regularized Least Squares for Human Microorganism-Disease
Association) by integrating the Gaussian interaction profile
kernel similarity and Laplacian regularized least squares classifier.
This model got good performance on the prediction of chronic
obstructive pulmonary, colorectal carcinoma, and asthma
diseases in the case studies (Wang F. et al., 2017). No matter
what kind of algorithms, the predictions were made based on
the known knowledge of microorganisms and microbe-disease
relationships. Therefore, as we know more about microbes and
diseases, the computational models are expected to offer more
insights in the identification of microbe-disease associations in
the future.

FUTURE OF MICROBE CELLULAR
NETWORK

ETHICS STATEMENT

Construction and analysis of biological information processingspecific large-scale cellular networks (i.e., metabolic, signaling,
and gene regulatory networks) has output many important
biological insights in novel pathways, regulatory, and metabolic
mechanisms. Given the fact that these networks are highly
interconnected, the analysis of the integrated networks is
expected to supply more novel understanding on biological
behaviors which cannot be achievable using the biological
information processing-specific network models alone. From
biological information processing-specific networks to integrated

Frontiers in Microbiology | www.frontiersin.org

The study was approved by College of Life Sciences, Tianjin
Normal Univeristy.

AUTHOR CONTRIBUTIONS
DW, LZ, and QW collected the references. EW and JS contributed
in the guideline and revision of the manuscript. TH analyzed the
reference. TH and DW wrote the paper.

8

February 2018 | Volume 9 | Article 296

Hao et al.

Genome-Scale Integrated Network in Microorganisms

Research Program of Application Foundation and Advanced
Technology (15JCYBJC30700), Project of introducing
one thousand high level talents in three years, “131”
Innovative Talents cultivation of Tianjin, Academic
Innovation Foundation of Tianjin Normal University
(52XC1403).

FUNDING
This work was supported by Grants of the Major
State Basic Research Development Program of China
(973 programs, 2012CB114405), National Natural Science
Foundation of China (31770904, 21106095), Tianjin

REFERENCES

Feist, A. M., and Palsson, B. O. (2008). The growing scope of applications of
genome-scale metabolic reconstructions using Escherichia coli. Nat. Biotechnol.
26, 659–667. doi: 10.1038/nbt1401
Ferguson, S. W., Wang, J., Lee, C. J., Liu, M., Neelamegham, S., Canty,
J. M., et al. (2018). The microRNA regulatory landscape of MSC-derived
exosomes: a systems view. Sci. Rep. 8:1419. doi: 10.1038/s41598-018-19
581-x
Fowler, C. C., and Galan, J. E. (2018). Decoding a Salmonella Typhi regulatory
network that controls typhoid toxin expression within human cells. Cell Host
Microbe 23, 65–76.e6. doi: 10.1016/j.chom.2017.12.001
Francke, C., Siezen, R. J., and Teusink, B. (2005). Reconstructing the metabolic
network of a bacterium from its genome. Trends Microbiol. 13, 550–558.
doi: 10.1016/j.tim.2005.09.001
Freyre-Gonzalez, J. A., Manjarrez-Casas, A. M., Merino, E., Martinez-Nunez, M.,
Perez-Rueda, E., and Gutierrez-Rios, R. M. (2013). Lessons from the modular
organization of the transcriptional regulatory network of Bacillus subtilis. BMC
Syst. Biol. 7:127. doi: 10.1186/1752-0509-7-127
Goelzer, A., Bekkal Brikci, F., Martin-Verstraete, I., Noirot, P., Bessieres, P.,
Aymerich, S., et al. (2008). Reconstruction and analysis of the genetic and
metabolic regulatory networks of the central metabolism of Bacillus subtilis.
BMC Syst. Biol. 2:20. doi: 10.1186/1752-0509-2-20
Gomez, S. M., Lo, S. H., and Rzhetsky, A. (2001). Probabilistic prediction
of unknown metabolic and signal-transduction networks. Genetics 159,
1291–1298.
Gui, J., Li, X., Zhao, P., Liu, Z., Wang, H., and Zhang, Y. (2012). A transcriptional
regularoty network of Bacillus pumilus predicted by comparative genomics
methods. J. Sichuan Univ. 49, 230–238.
Hao, T., Han, B., Ma, H., Fu, J., Wang, H., Wang, Z., et al. (2013). In silico
metabolic engineering of Bacillus subtilis for improved production of riboflavin,
Egl-237, (R,R)-2,3-butanediol and isobutanol. Mol. Biosyst. 9, 2034–2044.
doi: 10.1039/c3mb25568a
Hao, T., Ma, H., and Zhao, X. (2012). Progress in automatic reconstruction and
analysis tools of genome-scale metabolic network. Chin. J. Biotech. 70:661.
Hasan, S., Bonde, B. K., Buchan, N. S., and Hall, M. D. (2012). Network
analysis has diverse roles in drug discovery. Drug Discov. Today 17, 869–874.
doi: 10.1016/j.drudis.2012.05.006
Herrero, A., Reis-Cardoso, M., Jimenez-Gomez, I., Doherty, C., Agudo-Ibanez, L.,
Pinto, A., et al. (2017). Characterisation of HRas local signal transduction
networks using engineered site-specific exchange factors. Small GTPases 26,
1–13. doi: 10.1080/21541248.2017.1406434
Herrgard, M. J., Lee, B. S., Portnoy, V., and Palsson, B. O. (2006).
Integrated analysis of regulatory and metabolic networks reveals novel
regulatory mechanisms in Saccharomyces cerevisiae. Genome Res. 16, 627–635.
doi: 10.1101/gr.4083206
Hoxhaj, G., Hughes-Hallett, J., Timson, R. C., Ilagan, E., Yuan, M., Asara, J. M.,
et al. (2017). The mTORC1 signaling network senses changes in cellular
purine nucleotide levels. Cell Rep. 21, 1331–1346. doi: 10.1016/j.celrep.2017.
10.029
Huang, Y. A., You, Z. H., Chen, X., Huang, Z. A., Zhang, S., and Yan, G. Y. (2017).
Prediction of microbe-disease association from the integration of neighbor
and graph with collaborative recommendation model. J. Transl. Med. 15:209.
doi: 10.1186/s12967-017-1304-7
Huang, Z. A., Chen, X., Zhu, Z., Liu, H., Yan, G. Y., You, Z. H., et al. (2017).
PBHMDA: path-based human microbe-disease association prediction. Front.
Microbiol. 8:233. doi: 10.3389/fmicb.2017.00233
Ignatius Pang, C. N., Goel, A., and Wilkins, M. R. (2018). Investigating the
network basis of negative genetic interactions in Saccharomyces cerevisiae with
integrated biological networks and triplet motif analysis. J. Proteome Res.
doi: 10.1021/acs.jproteome.7b00649 [Epub ahead of print].

Arrieta-Ortiz, M. L., Hafemeister, C., Bate, A. R., Chu, T., Greenfield, A., Shuster, B.,
et al. (2015). An experimentally supported model of the Bacillus subtilis global
transcriptional regulatory network. Mol. Syst. Biol. 11:839. doi: 10.15252/msb.
20156236
Babu, M. M., Luscombe, N. M., Aravind, L., Gerstein, M., and Teichmann, S. A.
(2004). Structure and evolution of transcriptional regulatory networks. Curr.
Opin. Struct. Biol. 14, 283–291. doi: 10.1016/j.sbi.2004.05.004
Barrett, C. L., Herring, C. D., Reed, J. L., and Palsson, B. O. (2005). The global
transcriptional regulatory network for metabolism in Escherichia coli exhibits
few dominant functional states. Proc. Natl. Acad. Sci. U.S.A. 102, 19103–19108.
doi: 10.1073/pnas.0505231102
Brent, M. R. (2016). Past roadblocks and new opportunities in transcription factor
network mapping. Trends Genet. 32, 736–750. doi: 10.1016/j.tig.2016.08.009
Carrera, J., Estrela, R., Luo, J., Rai, N., Tsoukalas, A., and Tagkopoulos, I.
(2014). An integrative, multi-scale, genome-wide model reveals the phenotypic
landscape of Escherichia coli. Mol. Syst. Biol. 10:735. doi: 10.15252/msb.2014
5108
Chandrasekaran, S., and Price, N. D. (2010). Probabilistic integrative modeling
of genome-scale metabolic and regulatory networks in Escherichia coli and
Mycobacterium tuberculosis. Proc. Natl. Acad. Sci. U.S.A. 107, 17845–17850.
doi: 10.1073/pnas.1005139107
Chen, X., Huang, Y. A., You, Z. H., Yan, G. Y., and Wang, X. S. (2017).
A novel approach based on KATZ measure to predict associations of
human microbiota with non-infectious diseases. Bioinformatics 33, 733–739.
doi: 10.1093/bioinformatics/btx773
Chen, X., Zhao, M., and Qu, H. (2015). Cellular metabolic network analysis:
discovering important reactions in Treponema pallidum. Biomed. Res. Int.
2015:328568. doi: 10.1155/2015/328568
Cong, J. (2010). A Chemoinformatic Analysis on Metabolic Network and the
Application for Screening of Drug Tagets on Erwinia Carotovora. Master’s thesis,
Sichuan University, Chengdu.
Covert, M. W., Knight, E. M., Reed, J. L., Herrgard, M. J., and Palsson,
B. O. (2004). Integrating high-throughput and computational data
elucidates bacterial networks. Nature 429, 92–96. doi: 10.1038/nature
02456
Covert, M. W., and Palsson, B. O. (2002). Transcriptional regulation in constraintsbased metabolic models of Escherichia coli. J. Biol. Chem. 277, 28058–28064.
doi: 10.1074/jbc.M201691200
Covert, M. W., Xiao, N., Chen, T. J., and Karr, J. R. (2008). Integrating metabolic,
transcriptional regulatory and signal transduction models in Escherichia coli.
Bioinformatics 24, 2044–2050. doi: 10.1093/bioinformatics/btn352
De-nan, Z. (2014). Research on Prediction and Analysis of Transcriptional
Regulation and Construction of Regulatory Networks Based on High-Throughout
Seqyencing Data. Harbin: Harbin Institute of Technology.
Deyasi, K., Banerjee, A., and Deb, B. (2015). Phylogeny of metabolic networks: a
spectral graph theoretical approach. J. Biosci. 40, 799–808. doi: 10.1007/s12038015-9562-0
Edwards, J. S., and Palsson, B. O. (1999). Systems properties of the Haemophilus
influenzae Rd metabolic genotype. J. Biol. Chem. 274, 17410–17416.
doi: 10.1074/jbc.274.25.17410
Faria, J. P., Overbeek, R., Taylor, R. C., Conrad, N., Vonstein, V., Goelzer, A.,
et al. (2016). Reconstruction of the regulatory network for Bacillus subtilis and
reconciliation with gene expression data. Front. Microbiol. 7:275. doi: 10.3389/
fmicb.2016.00275
Feist, A. M., Herrgard, M. J., Thiele, I., Reed, J. L., and Palsson, B. O.
(2009). Reconstruction of biochemical networks in microorganisms. Nat. Rev.
Microbiol. 7, 129–143. doi: 10.1038/nrmicro1949

Frontiers in Microbiology | www.frontiersin.org

9

February 2018 | Volume 9 | Article 296

Hao et al.

Genome-Scale Integrated Network in Microorganisms

scale metabolic model. Microb. Cell Fact. 17:2. doi: 10.1186/s12934-017-0
852-0
Ravasz, E., Somera, A. L., Mongru, D. A., Oltvai, Z. N., and Barabasi, A. L. (2002).
Hierarchical organization of modularity in metabolic networks. Science 297,
1551–1555. doi: 10.1126/science.1073374
Rother, M., Munzner, U., Thieme, S., and Krantz, M. (2013). Information content
and scalability in signal transduction network reconstruction formats. Mol.
Biosyst. 9, 1993–2004. doi: 10.1039/c3mb00005b
Roy, S., Lagree, S., Hou, Z., Thomson, J. A., Stewart, R., and Gasch, A. P. (2013).
Integrated module and gene-specific regulatory inference implicates upstream
signaling networks. PLoS Comput. Biol. 9:e1003252. doi: 10.1371/journal.pcbi.
1003252
Ryll, A., Bucher, J., Bonin, A., Bongard, S., Goncalves, E., Saez-Rodriguez, J., et al.
(2014). A model integration approach linking signalling and gene-regulatory
logic with kinetic metabolic models. Biosystems 124, 26–38. doi: 10.1016/j.
biosystems.2014.07.002
Schilling, C. H., Covert, M. W., Famili, I., Church, G. M., Edwards, J. S.,
and Palsson, B. O. (2002). Genome-scale metabolic model of Helicobacter
pylori 26695. J. Bacteriol. 184, 4582–4593. doi: 10.1128/JB.184.16.4582-4593.
2002
Shlomi, T., Eisenberg, Y., Sharan, R., and Ruppin, E. (2007). A genomescale computational study of the interplay between transcriptional
regulation and metabolism. Mol. Syst. Biol. 3:101. doi: 10.1038/msb41
00141
Shlomi, T., Segal, D., Ruppin, E., and Sharan, R. (2006). QPath: a method
for querying pathways in a protein-protein interaction network. BMC
Bioinformatics 7:199. doi: 10.1186/1471-2105-7-199
Sierro, N., Makita, Y., de Hoon, M., and Nakai, K. (2008). DBTBS: a database of
transcriptional regulation in Bacillus subtilis containing upstream intergenic
conservation information. Nucleic Acids Res. 36, D93–D96. doi: 10.1093/nar/
gkm910
Simeonidis, E., Chandrasekaran, S., and Price, N. D. (2013). A guide to integrating
transcriptional regulatory and metabolic networks using PROM (probabilistic
regulation of metabolism). Methods Mol. Biol. 985, 103–112. doi: 10.1007/9781-62703-299-5_6
Soh, K. C., and Hatzimanikatis, V. (2010). DREAMS of metabolism. Trends
Biotechnol. 28, 501–508. doi: 10.1016/j.tibtech.2010.07.002
Steinway, S. N., Biggs, M. B., Loughran, T. P. Jr., Papin, J. A., and Albert, R.
(2015). Inference of network dynamics and metabolic interactions in the
gut microbiome. PLoS Comput. Biol. 11:e1004338. doi: 10.1371/journal.pcbi.
1004338
Stelling, J., Klamt, S., Bettenbrock, K., Schuster, S., and Gilles, E. D. (2002).
Metabolic network structure determines key aspects of functionality and
regulation. Nature 420, 190–193. doi: 10.1038/nature01166
Thiele, I., and Palsson, B. O. (2010). A protocol for generating a high-quality
genome-scale metabolic reconstruction. Nat. Protoc. 5, 93–121. doi: 10.1038/
nprot.2009.203
Vinayagam, A., Stelzl, U., Foulle, R., Plassmann, S., Zenkner, M., Timm, J.,
et al. (2011). A directed protein interaction network for investigating
intracellular signal transduction. Sci. Signal. 4:rs8. doi: 10.1126/scisignal.20
01699
Wang, E., Lenferink, A., and O’Connor-McCourt, M. (2007). Cancer systems
biology: exploring cancer-associated genes on cellular networks. Cell Mol. Life
Sci. 64, 1752–1762. doi: 10.1007/s00018-007-7054-6
Wang, F., Huang, Z. A., Chen, X., Zhu, Z., Wen, Z., Zhao, J., et al.
(2017). LRLSHMDA: laplacian regularized least squares for human microbedisease association prediction. Sci. Rep. 7:7601. doi: 10.1038/s41598-017-08
1298127-2
Wang, H., Ma, H., and Zhao, X. (2010). Progress in genome-scale metabolic
network: a review. Chin. J. Biotech. 26, 1340–1348.
Wang, K., Hu, F., Xu, K., Cheng, H., Jiang, M., Feng, R., et al. (2011).
CASCADE_SCAN: mining signal transduction network from high-throughput
data based on steepest descent method. BMC Bioinformatics 12:164.
doi: 10.1186/1471-2105-12-164
Wang, R., Su, C., Wang, X., Fu, Q., Gao, X., Zhang, C., et al. (2018). Global gene
expression analysis combined with a genomics approach for the identification
of signal transduction networks involved in postnatal mouse myocardial

Imam, S., Schauble, S., Brooks, A. N., Baliga, N. S., and Price, N. D. (2015). Datadriven integration of genome-scale regulatory and metabolic network models.
Front. Microbiol. 6:409. doi: 10.3389/fmicb.2015.00409
Jacob, F., and Monod, J. (1961). Genetic regulatory mechanisms in the synthesis of
proteins. J. Mol. Biol. 3, 318–356. doi: 10.1016/S0022-2836(61)80072-7
Jiang, J. G., Song, L. F., and Zheng, P. (2012). Construction and structural analysis
of integrated cellular network of Corynebacterium glutamicum. Chin. J. Biotech.
28, 577–591.
Kamps, D., and Dehmelt, L. (2017). Deblurring signal network dynamics. ACS
Chem. Biol. 12, 2231–2239. doi: 10.1021/acschembio.7b00451
Karr, J. R., Sanghvi, J. C., Macklin, D. N., Gutschow, M. V., Jacobs, J. M., Bolival, B.,
et al. (2012). A whole-cell computational model predicts phenotype from
genotype. Cell 150, 389–401. doi: 10.1016/j.cell.2012.05.044
Kashaf, S. S., Angione, C., and Lio, P. (2017). Making life difficult for Clostridium
difficile: augmenting the pathogen’s metabolic model with transcriptomic and
codon usage data for better therapeutic target characterization. BMC Syst. Biol.
11:25. doi: 10.1186/s12918-017-0395-3
Kim, B., Kim, W. J., Kim, D. I., and Lee, S. Y. (2015). Applications of genomescale metabolic network model in metabolic engineering. J. Ind. Microbiol.
Biotechnol. 42, 339–348. doi: 10.1007/s10295-014-1554-9
Kitano, H. (2002). Systems biology: a brief overview. Science 295, 1662–1664.
doi: 10.1126/science.1069492
Kromer, J. O., Sorgenfrei, O., Klopprogge, K., Heinzle, E., and Wittmann, C.
(2004). In-depth profiling of lysine-producing Corynebacterium glutamicum by
combined analysis of the transcriptome, metabolome, and fluxome. J. Bacteriol.
186, 1769–1784. doi: 10.1128/JB.186.6.1769-1784.2004
Le Novere, N., Hucka, M., Mi, H., Moodie, S., Schreiber, F., Sorokin, A., et al.
(2009). The systems biology graphical notation. Nat. Biotechnol. 27, 735–741.
doi: 10.1038/nbt.1558
Lee, J. M., Gianchandani, E. P., Eddy, J. A., and Papin, J. A. (2008). Dynamic
analysis of integrated signaling, metabolic, and regulatory networks. PLoS
Comput. Biol. 4:e1000086. doi: 10.1371/journal.pcbi.1000086
Levchenko, A. (2003). Dynamical and integrative cell signaling: challenges for the
new biology. Biotechnol. Bioeng. 84, 773–782. doi: 10.1002/bit.10854
Levering, J., Dupont, C. L., Allen, A. E., Palsson, B. O., and Zengler, K.
(2017). Integrated regulatory and metabolic networks of the marine diatom
Phaeodactylum tricornutum predict the response to rising CO2 levels. mSystems
2:e00142-16. doi: 10.1128/mSystems.00142-16
Liu, W., Li, D., Zhu, Y., and He, C. (2008). Bioinformatics analyses for signal
transduction networks. Sci. China C Life Sci. 11, 994–1002. doi: 10.1007/s11427008-0134-5
Ma, H. W., and Zeng, A. P. (2003). The connectivity structure, giant strong
component and centrality of metabolic networks. Bioinformatics 19, 1423–1430.
doi: 10.1093/bioinformatics/btg177
Mahadevan, R., Bond, D. R., Butler, J. E., Esteve-Nunez, A., Coppi, M. V.,
Palsson, B. O., et al. (2006). Characterization of metabolism in the Fe(III)reducing organism Geobacter sulfurreducens by constraint-based modeling.
Appl. Environ. Microbiol. 72, 1558–1568. doi: 10.1128/AEM.72.2.1558-1568.
2006
Notebaart, R. A., van Enckevort, F. H., Francke, C., Siezen, R. J., and Teusink, B.
(2006). Accelerating the reconstruction of genome-scale metabolic networks.
BMC Bioinformatics 7:296. doi: 10.1186/1471-2105-7-296
Orth, J. D., Conrad, T. M., Na, J., Lerman, J. A., Nam, H., Feist, A. M., et al. (2011).
A comprehensive genome-scale reconstruction of Escherichia coli metabolism–
2011. Mol. Syst. Biol. 7:535. doi: 10.1038/msb.2011.65
Pal, C., Papp, B., Lercher, M. J., Csermely, P., Oliver, S. G., and Hurst, L. D. (2006).
Chance and necessity in the evolution of minimal metabolic networks. Nature
440, 667–670. doi: 10.1038/nature04568
Papin, J. A., Hunter, T., Palsson, B. O., and Subramaniam, S. (2005). Reconstruction
of cellular signalling networks and analysis of their properties. Nat. Rev. Mol.
Cell Biol. 6, 99–111. doi: 10.1038/nrm1570
Papin, J. A., and Palsson, B. O. (2004). The JAK-STAT signaling network in the
human B-cell: an extreme signaling pathway analysis. Biophys. J. 87, 37–46.
doi: 10.1529/biophysj.103.029884
Piubeli, F., Salvador, M., Argandona, M., Nieto, J. J., Bernal, V., Pastor, J. M.,
et al. (2018). Insights into metabolic osmoadaptation of the ectoines-producer
bacterium Chromohalobacter salexigens through a high-quality genome

Frontiers in Microbiology | www.frontiersin.org

10

February 2018 | Volume 9 | Article 296

Hao et al.

Genome-Scale Integrated Network in Microorganisms

proliferation and development. Int. J. Mol. Med. 41, 311–321. doi: 10.3892/
ijmm.2017.3234
Wang, Y. C., and Chen, B. S. (2010). Integrated cellular network of transcription
regulations and protein-protein interactions. BMC Syst. Biol. 4:20. doi: 10.1186/
1752-0509-4-20
Wang, Z., Danziger, S. A., Heavner, B. D., Ma, S., Smith, J. J., Li, S., et al. (2017).
Combining inferred regulatory and reconstructed metabolic networks enhances
phenotype prediction in yeast. PLoS Comput. Biol. 13:e1005489. doi: 10.1371/
journal.pcbi.1005489
Wong, D. C. J., and Matus, J. T. (2017). Constructing integrated networks for
identifying new secondary metabolic pathway regulators in grapevine: recent
applications and future opportunities. Front. Plant Sci. 8:505. doi: 10.3389/fpls.
2017.00505
Wu, M., and Ma, H. (2014). The progress of integrated genome-scale cellular
networks. Microbiol. China 41, 367–375.
Xue, W. H., Fan, Z. R., Li, L. F., Lu, J. L., Ma, B. J., Kan, Q. C., et al. (2018).
Construction of an oesophageal cancer-specific ceRNA network based on
miRNA, lncRNA, and mRNA expression data. World J. Gastroenterol. 24,
23–34. doi: 10.3748/wjg.v24.i1.23
Yilmaz, L. S., and Walhout, A. J. (2017). Metabolic network modeling with model
organisms. Curr. Opin. Chem. Biol 36, 32–39. doi: 10.1016/j.cbpa.2016.12.025

Frontiers in Microbiology | www.frontiersin.org

Zhang, Y., Tao, Y., Li, Y., Zhao, J., Zhang, L., Zhang, X., et al. (2018).
The regulatory network analysis of long noncoding RNAs in human
colorectal cancer. Funct. Integr. Genomics doi: 10.1007/s10142-017-0
588-2 [Epub ahead of print].
Zheng, Y., Du, S., Xu, H., Xu, Y., Zhao, H., Chi, T., et al. (2014). [Cellular
adhesion signal transduction network of tumor necrosis factor-alpha induced
hepatocellular carcinoma cells]. Zhonghua Yi Xue Za Zhi 94, 3345–3348.
Zhao, J. (2008). Research on Structure,Function and Evolution of Cellur Metabolic
Networks. Master’s thesis, Shanghai Jiaotong University, Shanghai.
Conflict of Interest Statement: The authors declare that the research was
conducted in the absence of any commercial or financial relationships that could
be construed as a potential conflict of interest.
Copyright © 2018 Hao, Wu, Zhao, Wang, Wang and Sun. This is an open-access
article distributed under the terms of the Creative Commons Attribution License
(CC BY). The use, distribution or reproduction in other forums is permitted, provided
the original author(s) and the copyright owner are credited and that the original
publication in this journal is cited, in accordance with accepted academic practice.
No use, distribution or reproduction is permitted which does not comply with these
terms.

11

February 2018 | Volume 9 | Article 296

