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Klebsiella pneumoniae is an opportunistic bacterial pathogen leading to life-threatening
nosocomial infections. Emergence of highly resistant strains poses a major challenge
in the management of the infections by healthcare-associated K. pneumoniae isolates.
Thus, despite intensive efforts, the current treatment strategies remain insufficient to
eradicate such infections. Failure of the conventional infection-prevention and treatment
efforts explicitly indicates the requirement of new therapeutic approaches. This prompted
us to systematically analyze the K. pneumoniae metabolism to investigate drug targets.
Genome-scale metabolic networks (GMNSs) facilitating the systematic analysis of the
metabolism are promising platforms. Thus, we used a GMN of K. pneumoniae MGH
78578 to determine putative targets through gene- and metabolite-centric approaches.
To develop more realistic infection models, we performed the bacterial growth simulations
within different host-mimicking media, using an improved biomass formation reaction.
We selected more suitable targets based on several property-based prioritization
procedures. KdsA was identified as the high-ranked putative target satisfying most
of the target prioritization criteria specified under the gene-centric approach. Through
a structure-based virtual screening protocol, we identified potential KdsA inhibitors.
In addition, the metabolite-centric approach extended the drug target list based on
synthetic lethality. This revealed the importance of combined metabolic analyses for a
better understanding of the metabolism. To our knowledge, this is the first comprehensive
effort on the investigation of the K. pneumoniae metabolism for drug target prediction
through the constraint-based analysis of its GMN in conjunction with several bioinformatic
approaches. This study can guide the researchers for the future drug designs by providing
initial findings regarding crucial components of the Klebsiella metabolism.

Keywords: Klebsiella pneumoniae, infection, genome-scale metabolic networks, pathogen, flux balance analysis,
drug target
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INTRODUCTION

Klebsiella pneumoniae, originally discovered in the lung samples
of pneumonia patients, is a gram-negative, facultative anaerobic
bacterium within the Enterobacteriaceae family (Friedlander,
1882). It can inhabit a wide range of environments, and it is also
a part of normal flora of human (Bachman et al., 2015; Navon-
Venezia et al., 2017). The opportunistic pathogen colonizes in
human mucosal surfaces and can spread to other tissues like
respiratory tract (Li et al., 2014; Paczosa and Mecsas, 2016). K.
pneumoniae is among the six pathogens known as “ESKAPE”
pathogens, a group of resistant strains that effectively escape from
the activity of most of the available antimicrobial drugs (Taneja
and Kaur, 2016). A reduction in the antimicrobial activity of
many available drugs along with ever-increasing prevalence of the
resistant Klebsiella strains poses a serious therapeutic challenge.
This growing threat affects public health and global economic
cost. Klebsiella infections primarily affect immunocompromised
patients, and they may be treated by the use of p-lactams
and other antibiotics (Doorduijn et al., 2016; Paczosa and
Mecsas, 2016). On the other hand, even healthy individuals
can suffer from the hypervirulent Klebsiella infections (e.g.,
meningitis, pneumonia, endophthalmitis, cellulitis, and pyogenic
liver abscesses), and conventional medicine has failed to eradicate
such infections (Doorduijn et al., 2016; Paczosa and Mecsas,
2016; Santajit and Indrawattana, 2016). Therefore, identification
of novel drugs, use of synergistic drug combinations and drug
repositioning remain areas of active investigation (Sun et al.,
2016; Taneja and Kaur, 2016), pointing to the crucial role of post-
genomic approaches to cope with Klebsiella infections (Bachman
et al., 2015; Santajit and Indrawattana, 2016). In this context, the
evaluation of whole metabolism of the pathogen at genome scale
can provide comprehensive insight for the elucidation of more
efficient drug targets and enable a deeper understanding of the
pathogen phenotype.

Genome-scale metabolic network (GMN) models are
commonly used to decipher pathogen and host metabolisms
since they offer a systems-wide approach (Durmus et al., 2015).
In silico analyses based on GMNs can significantly narrow down
putative drug targets. Thus, systems biology approach reduces
the dependency to labor-intensive, costly and time-consuming
experimental approaches. Flux Balance Analysis (FBA) is the
most widely used in silico analysis method to predict intracellular
flux distributions from GMNs at steady-state, which solves an
optimization problem satisfying a predefined objective function
(e.g., maximal growth rate; Varma and Palsson, 1994; Edwards
etal., 2002; Orth et al., 2010). When FBA is used to simulate gene
deletion phenotypes, it provides significant quantitative insights
about the bacterial metabolism, pathway activities, and potential
drug targets (Cesur et al., 2018). To date, this approach has been
commonly used in drug target discovery process at systems-level
for different pathogens (Raman et al., 2008; Plata et al., 2010;
Perumal et al, 2011; Ahn et al,, 2014; Larocque et al., 2014;
Presta et al., 2017). GMN models are available for different K.
pneumoniae strains (Liao et al., 2011; Henry et al., 2017; Ramos
et al., 2018; Norsigian et al,, 2019). The first K. pneumoniae
model at the genome level, called iYL1228, appeared in 2011 for

the MGH 78578 strain (Liao et al., 2011). The authors refined
and validated their model by testing the qualitative growth
phenotype of the organism on several nutrient sources. They
have also identified essential genes in the organism in silico, in
aerobic minimal medium. The second model was developed for
rifampin-resistant highly virulent strain KPPR1 using the GMN
of the MGH 78578 strain as a reference (Henry et al., 2017).
Similar validation analyses were performed using the model,
termed iKp1289, and essential genes were identified in silico in
aerobic rich media. Both works lack a GMN-based identification
of drug target candidates. In a recent work, a GMN of multi drug
resistant (MDR) Kp13 strain was developed (Ramos et al., 2018).
The authors did not perform an FBA-like analysis based on the
calculation of flux distributions. Rather, they used the network
topology of the reconstructed GMN to prioritize drug targets in
combination with genomic, transcriptomic and structure-based
information. More recently, the GMN models of diverse K.
pneumoniae strains with different levels of antibiotic resistance
were reconstructed (Norsigian et al., 2019). They were used to
predict the catabolic capabilities of these strains.

Here, we aim to provide a better insight into K. pneumoniae
metabolism in different host-mimicking conditions in order to
reveal putative drug targets through gene- and metabolite-centric
approaches. To our knowledge, this is the first comprehensive
effort on the investigation of the K. pneumoniae metabolism
through the constraint-based analysis of its GMN in conjunction
with several bioinformatic approaches to reveal the most suitable
targets. The subsequent major step in the therapeutic strategies
is inhibitor discovery against the most remarkable targets.
Structure-based in silico drug prediction is a powerful method to
explore suitable inhibitors among the available chemical library
compounds. In this study, 2-dehydro-3-deoxyphosphooctonate
aldolase (KdsA) was reported as the high-ranked putative
target satisfying most of the target prioritization criteria
specified under the gene-centric approach. Using molecular
docking, we attempted to elucidate the interaction dynamics
of the KdsA enzyme and to identify possible inhibitors. We
identified various potential anti-infectious agents interacting
with the enzyme. Taken together, we suggested the putative
targets and the KdsA inhibitors through the comprehensive
bioinformatic analyses in this work. These findings can provide
crucial insights to guide experimentalists for the development
of new drugs.

MATERIALS AND METHODS
Metabolic Network Model

The genome-scale metabolic network of K. pneumoniae MGH
78578 (GenBank accession number: CP000647), iYL1228 (Liao
et al,, 2011) accounting for 1,228 genes and 1,658 metabolites
involved in 2,262 reactions was used in this work. The GMN
covers a set of reactions associated with the metabolism of
amino acids, nucleic acids, fatty acids, cofactors, and carbon
sources. It contains a reaction for biomass formation to simulate
maximal growth conditions. An updated version of the biomass
reaction was used in this work (see the next section). The energy
required for the biomass formation, termed growth-associated
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maintenance, was set to 71.7 mmol ATP/gDW/h in the model
while the non-growth-associated maintenance, which is the
energy dedicated to cellular functions apart from growth (e.g.,
motility and repair), was set to 6.8 mmol ATP/g dry weight
(gDW) (Liao et al., 2011).

Biomass Reaction

Based on a recent work that drew attention to the importance
of inclusion of essential cofactors in biomass formation
reactions, we improved the biomass formulation of the original
model through integration of universally essential cofactors of
prokaryotes [NAD, NADH, NADP, NADPH, FAD, coenzyme A
(CoA), flavin mononucleotide (FMN), pyridoxal 5'-phosphate
(PYDX5P), and S-adenosyl-L-methionine (SAM/AMET)]
(Xavier et al., 2017) to represent the bacterial composition better.
In this context, we added each missing cofactor to the biomass
formation reaction with a stoichiometric coefficient based on
the biomass formula of a GMN model of Escherichia coli K-12
MG1655 (Orth etal.,, 2011). The newly added coefficients with the
magnitudes between 10~% and 107> did not affect the capability
of the model to predict the growth rates in different growth
conditions (data not shown). In addition, the coefficient of FMN
was not available in the E. coli model and it was taken as 1 x
107 in this study. A low coefficient value ensured the necessity
of cofactors for growth, without disturbing carbon flows in
the metabolic network. The coefficients for the new biomass
formation reaction is available in Supplementary Dataset 1.

Simulation Constraints

Host microenvironment is an important source of the nutrients
supporting the bacterial growth. More realistic infection models
can be developed by mimicking the host conditions in order
to reveal the phenotype of K. pneumoniae within the host and
to identify novel efficacious antimicrobial drugs. Using FBA,
we simulated three different growth conditions: human body
fluid (HBF) (Hadi and Marashi, 2014), sputum-macrophage (SM)
(Bordbar et al., 2010; Oberhardt et al., 2010), and a more generic
host medium. One hundred and twenty of four hundred and five
metabolites in the HBF were defined as exchange metabolites
in the model, and they were used here to represent HBF
medium. Thus, the HBF medium consists of 120 metabolites,
and SM medium includes 40 metabolites defined in the Klebsiella
model. For a more generic host medium, common metabolites
in both iYL1228 and Recon 2 (a comprehensive literature-
based human metabolic network including 1,789 genes, 7,440
reactions, and 2,626 unique metabolites; Thiele et al., 2013) were
identified through the name and ID matching (Lopez-Ibanez
et al., 2016). There are 192 human-matched metabolites in the
pathogen metabolic network for which there are defined uptake
reactions. These metabolites were used to represent the generic
host medium. Compositions of all growth media used in this
work are listed in Supplementary Dataset 2. All conditions were
mimicked by setting maximum uptake rates of all components
within the media in question to 10 mmol gDW~! h ~! in
the model during the simulations while the uptake of other
compounds were blocked. Subsequently, maximization of the

rate of biomass formation reaction was set as the objective in FBA
to predict the growth rate.

Gene-Centric Identification of Drug Targets
Essential genes (EGs) of K. pneumoniae, which are indispensable
for survival, were determined via in silico deletion of
each metabolic gene using FBA and the inspection of the
corresponding bacterial growth rate. Single-gene knockout
studies were performed under specific growth conditions
explained above. These perturbations were achieved by setting
the rate of the associated reaction(s) to zero for each gene.
Compensatory functions of isoenzymes were also considered
during the gene deletions. The effect of each single-gene
knockout on the biomass production was evaluated based on a
cut-off of 1% of the maximum wild-type growth rate (Pratapa
et al., 2015). The use of zero as the cut-off led to the same results.
Therefore, the genes were considered as essential if their deletions
resulted in a substantially reduced growth rate (smaller than the
cut-off) relative to the wild-type cell (Supplementary Dataset 3).

Homology analysis is crucial to avoid any undesired harmful
effects of the drugs. We identified the essential gene products
sharing little to no homology with human proteins. To do
so, the essential pathogen proteins were subjected to BLASTp
search against human protein sequences in Refseq database
(Pruitt et al, 2007) at an expected value (E-value) cut-off
of 1 x 10~* (Jamal et al., 2017; Presta et al., 2017). The
proteins having <30% sequence identity with their human
counterparts were considered as non-homologous (Presta et al.,
2017). Hence, a putative drug target list consisting of the non-
homologous essential K. pneumoniae proteins was compiled. To
characterize the putative drug targets, pathways associated with
these proteins were identified by means of KOBAS v3.0 web
server. It identifies significantly enriched pathways using KEGG
and BioCyc pathway databases (Wu J. et al., 2006). We chose a
closely related and well-characterized model organism E. coli K-
12 MG1655 to annotate the putative targets of K. pneumoniae.
The enriched pathways were determined using a false discovery
rate threshold of 104,

Prioritization of Putative Drug Targets
Through a systematic workflow, the non-homologous drug
target candidates identified by the gene-centric approach were
prioritized to discover more effective therapeutic targets. To
this aim, in silico screening was employed based on subcellular
localization, druggability, antibiotic resistance, virulence, and
distribution of the target candidates in prominent pathogenic
strains (conservation).

Subcellular Localization Prediction

Subcellular localization is among the factors determining protein
function because compartments include various compounds
contributing to the function of a protein. In other words,
cellular compartments and protein function are interconnected.
Furthermore, localization provides significant information about
the nature of the putative targets for drug design. Outer
membrane-associated and extracellular proteins may be vaccine
targets. On the other hand, small-molecule therapeutics should
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be designed against cytoplasmic and periplasmic targets (Uddin
et al., 2015; Kumar et al., 2016). To address the localization
information of the putative drug targets, PSORTb v3.0.2 (scoring
cut-off of 7.5; Yu et al,, 2010; Ramos et al., 2012; Uddin et al,,
2015), CELLO2GO (E-value cut-off of 1 x 10™%; Yu et al., 2014),
and iLoc-Gneg (Xiao et al, 2011) were used. If the cellular
compartment of a protein was confirmed by at least two web
servers, it was considered to be correctly predicted. Contradictory
results were cross-checked via UniProt database (Wu C. et al,,
2006) and a comprehensive study on annotation and localization
of E. coli K12 proteome by Lopez-Campistrous and colleagues
(Lopez-Campistrous et al., 2005).

Determination of Druggable Proteins

Druggability is defined as the ability of a target to bind drug-like
chemical compounds with high affinity. It is an important
criterion in the target prioritization because the proteins with
higher druggability are more vulnerable to drugs (Ludin et al,,
2012; Shende et al., 2017). DrugBank is a useful knowledgebase
including a comprehensive up-to-date data regarding drug-
target interactions (Wishart et al., 2008). Druggability assessment
was performed using the DrugBank database, to evaluate the
risk to invest in a putative target. Sequence search option in
the database was used to perform BLASTp with the default
parameters. This led to the alignment of the non-homologous
proteins of K. pneumoniae against the known drug targets in the
DrugBank database. Degree of the druggability was determined
using the E-value cut-off of 1 x 10725 (Holman et al., 2009;
Chawley et al., 2014).

Antibiotic Resistance Screening

Antibiotic resistance leads to the emergence of antibiotic-
unresponsive pathogens, against which they were previously
susceptible. It occurs owing to a widespread use of the antibiotics
and results in the counteraction of conventional treatment
approaches (Kumar et al.,, 2011; Beceiro et al., 2013). Transfer
of the resistance-conferring plasmids promotes dissemination of
the MDR isolates within the Enterobacteriaceae family members
(Kumar et al.,, 2011). Development and dissemination of the
resistance led us to investigate existing or putative antibiotic
resistance genes (ARGs) within the identified putative drug target
lists. Antibiotic resistance screening was performed using ARG-
ANNOT tool, which harbors up-to-date information on the
ARGs against 11 antibiotic classes (Gupta et al., 2014; Jia et al,,
2017). In this work, a recently updated data (May, 2018) in ARG-
ANNOT was used through BioEdit software (Gupta et al., 2014)
with an E-value cut-off of 1 x 107* and 65% sequence identity.

Identification of Potential Virulence Factors

There is an interplay between antibiotic resistance and
virulence. Virulence refers to the degree of pathogenicity,
the capacity of a pathogen to cause disease, which has some
common characteristics with the antibiotic resistance. Both
can disseminate via the gene transfer among bacteria, and
they support survival of the pathogens within the harsh host
environment by enhancing the defense against the host immune
response and antimicrobials. To cope with the host, they have

some common mechanisms such as modification of the cell
wall, use of some global transcriptional regulators, production
of efflux pumps and porins (Trevor and Snow, 2005; Beceiro
et al, 2013; Llobet et al., 2015). Particularly, combinatorial
therapies including application of anti-virulence agents and
antibiotics may promote more effective drug therapy and reduce
antibiotic resistance development (Beceiro et al., 2013). Thus, we
concentrated on the investigation of potential virulence factors
(VFs) in addition to ARGs. To elucidate VFs within the identified
potential drug target lists, core dataset within the VFDB database
was used (Chen et al,, 2016). This database includes up-to-date
data related to VFs of 30 prominent bacterial pathogens. We
annotated putative virulence factors using BLASTp option in the
database with the E-value cut-off of 1 x 1074, bit score of 100
and identity threshold of 65% (Gawade and Ghosh, 2018).

Broad-Spectrum Analysis

A homology analysis against diverse infectious bacteria
was performed to evaluate the broad distribution of the
candidate targets. This analysis may provide a clinically effective
opportunity for the treatment of co-infections or multiple
infections. In addition, the conservation of a gene may indicate
a lower level of mutation rate, so targeting such genes may delay
the development of antibiotic resistance. Here, broad-spectrum
analysis was performed through PBIT web browser (Shende
et al., 2017). To this aim, we executed the BLASTp search in
the tool, which performs a similarity search against protein
sequences of 181 pathogenic organisms with the E-value cut-off
of 1 x 1073, bit score of 100 and sequence identity of 35%. If
a protein was identified to be common in at least 40 diverse
pathogenic strains, it was considered as a broad-spectrum target
(Mondal et al., 2015).

Structure-Based Inhibitor Discovery

The K. pneumoniae MGH 78578 KdsA enzyme was determined
as the top candidate drug target through the target prioritization
step. The amino acid sequence of the enzyme was subjected
to BLAST search against the Protein Data Bank (PDB) to
find its crystal structure. The sequence identity and similarity
from multiple sequence alignments were further confirmed by
ClustalW (Thompson et al., 2003). The crystal structure of the
matched E. coli enzyme (PDB code: 1D9E) was prepared as
a receptor via UCSF chimera to perform the structure based
analyses (Pettersen et al,, 2004). The active site residues and
corresponding cavity volumes for 1D9E were assigned based on
the reported literature (Radaev et al., 2000). In order to perform
a structure-based virtual screening protocol, a subset of the
ligand database Aldrich was retrieved from the ZINC database,
containing 18,142 compounds in ready-to-dock, 3D format
(Irwin et al,, 2012). To perform the docking experiment, the
program AutoDock Vina was used (Trott and Olson, 2010). The
docking program Vina requires input files in PDB format. A grid
box was set with x, y, and z dimensions of 140 A. Vina generated
maximum nine poses of each compound interacting with the
protein. The docked complexes with top ranked Vina scores were
used to narrow down the compounds based on ranking scores.
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Metabolite-Centric Identification of Drug
Targets

Essential metabolites (EMs) of K. pneumoniae are among the
major components of the bacterial metabolism. Metabolite-
centric gene deletion is equivalent to simultaneous removal of
all outgoing reactions around each metabolite by constraining
the rates of related reactions to zero and the inspection of
the corresponding bacterial growth rate. Same as in the
gene-centric approach, we employed a cut-off of 1% of the
maximum wild-type growth rate (Pratapa et al., 2015) to decide
whether a metabolite is essential or not. The simulations were
performed in SM, HBE and generic host media separately. If
the blocking of a metabolite resulted in a significant growth
attenuation, it was considered as essential. The multiple
genes involved in the outgoing reactions of an EM are called
synthetic lethal. That is, not individual but simultaneous
targeting of their enzymes with an EM-like drug will
cause cell death.

Identification of the EMs was followed by a similar filtering
method of Kim et al. (2010) to narrow down the metabolite
list and to elucidate the enzymatic drug targets. To filter the
EMs, we followed two main steps: In the first step, the EMs
were screened in terms of their presence in human metabolism
for their removal. To this aim, the common metabolites of the
K. pneumoniae and human were compiled using the human
genome-scale metabolic reconstruction, Recon 2 (Thiele et al.,
2013), and HumanCyc database (Trupp et al., 2010). This
step also ensured the removal of currency metabolites (e.g.,
ATP, H,O, NAD) known as the metabolites involved in many
reactions in a metabolic network (Samal and Martin, 2011).
The common compounds were detected through the name and
ID comparisons (Lopez-Ibaniez et al., 2016) and eliminated to
avoid any potential damages to the host metabolism. Hence,
the EMs specifically dedicated to the pathogen metabolism were
obtained by applying this step. In the second step, the pathogen-
specific EMs associated with any human homologous enzymes
as substrates or products were removed to avoid possible side
effects. To this aim, similar to the analysis applied in gene-
centric identification of drug targets, the associated enzymes
were evaluated in terms of homology. This was performed
using BLASTp search against the human protein sequences in
Refseq database (Pruitt et al., 2007), using the same E-value and
sequence identity cut-offs as in the gene-centric identification
part (1 x 10~* and 30%, respectively). The enzymes in the
outgoing reactions of EMs that passed the cut-offs were suggested
as the putative drug targets.

RESULTS AND DISCUSSION

Here, we simulated the K. pneumoniae MGH 78578 metabolism
through the GMN of iYL1228 for the computational prediction
of effective drug targets. The available infection models
are predominantly based on the simulation of the bacterial
growth in laboratory media. Although these conditions are
also informative, they are insufficient to represent the host-
cell nutrient environment. Therefore, we employed growth

simulations in different host-mimicking conditions including
SM, HBE, and generic host media.

Sputum is mainly composed of inflammatory components,
the lower airway mucus, and bacterial products. It is modified
in the inflamed lungs (Turner et al., 2015). K. pneumoniae
induces production of thick jelly sputum (Fukuyama et al., 2014;
Paczosa and Mecsas, 2016). It was also demonstrated that K.
pneumoniae (considered as an extracellular pathogen) could
survive inside alveolar macrophages by blocking phagosome
maturation (Cano et al, 2015). Taken together, both host
environments including sputum (Oberhardt et al., 2010) and
alveolar macrophage (Bordbar et al., 2010) were combined in
order to provide novel insight into the pathogenesis and fitness
requirements of K. pneumoniae within this special medium
(i.e., SM medium). It is used to discover the putative drug
targets. In addition to sputum, body fluid cultures (e.g., blood,
urine) are frequently used for the detection of K. pneumoniae
(Goroll and Mulley, 2009). Here, another growth medium
mimicking the body fluids (i.e., HBF medium; Hadi and Marashi,
2014) and a more generic host medium were also integrated
to the GMN for more comprehensive overview of the host
environment. In addition to the simulation of more realistic
growth conditions, improving the biomass formation reaction
is also crucial to ensure more accurate representation of the
bacterial metabolism. Furthermore, model-predicted knockout
phenotypes are significantly affected by the biomass reaction.
Therefore, the biomass formulation of the original model was
improved via the integration of the universally essential organic
cofactors involved in the biomass compositions of prokaryotes
(Xavier et al., 2017).

The improved simulation conditions provided identification
of the putative drug targets in K. pneumoniae using the
GMN of iYL1228 through both gene- and metabolite-centric
approaches. The putative targets predicted through the gene-
centric approach were prioritized based on several property-
based filtering procedures detailed in the section Materials
and Methods (Figures 1A-E). The compounds interacting with
the top target (KdsA) among the virulent, druggable, and
broad-spectrum enzymes were predicted using a structure-
based virtual screening. Accordingly, the active site of the
enzyme was explored and docking was employed to shed
light on the interaction dynamics and putative inhibitors
of this enzyme.

Gene-Centric Approach

Identification of Potential Drug Targets

Identification of EGs is the first key-step in most drug discovery
pipelines. This step can be employed through experimental or
computational methods. Here, the GMN was constrained by
imposing the condition-specific nutrients. The EGs were defined
by a significant reduction in the bacterial growth rate based
on in silico knockout of each gene. A total of 69 and 102 EGs
were predicted in the metabolic simulations in HBF and SM
growth media, respectively (Figure 1A). The EGs identified via
SM simulation cover all 69 EGs identified in the HBF simulation
(Supplementary Dataset 3). The gene essentiality analysis for the
generic host medium resulted in the identification of 67 essential
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FIGURE 1 | Numbers of candidate drug targets predicted through in silico gene essentiality simulations in host-mimicking medium [i.e., human bodly fluid (HBF) and
sputum-macrophage (SM)] are given in (A). The genes predicted by the HBF simulation are the subsets of SM derived results. Numbers of human non-homologous
genes among essential genes are given in (B) while (C-E), respectively, give the results of the prioritization applied to the essential non-homologous genes using
druggability, virulence factor, and broad-spectrum analyses. NEG, non-essential gene; EG, essential gene; NHG, non-homologous gene; HG, homologous gene;
UDG, undruggable gene; DG, druggable gene; NVG, non-virulence gene; VG, virulence gene; NST, narrow-spectrum target; and BST, broad-spectrum target.

genes, which are the subsets of the HBF- and SM-derived results.
The remaining SM-specific EGs were defined as “conditionally
essential” due to their indispensability for the growth in only
SM medium.

When compared to the essential genes identified by Bachman
et al. (2015), a small fraction of the predicted EGs was found
to be common. Using a mouse model of pneumonia, they
identified 69 mutants with over 10-fold fitness defect and 333
mutants with an over two-fold fitness defect for K. pneumoniae
KPPRI1. They next investigated the conservation of these genes in
several K. pneumoniae strains. A comparison with K. pneumoniae
MGH?78578 genome revealed that many of them are shared by
both strains (Bachman et al,, 2015). Almost half of these genes
were found in iYL1228. The EGs predicted in the current work
may have lost their essentiality during mouse infection. This
highlights the discriminative role of the growth condition on the
gene essentiality. Nonetheless, we proceeded with all EG sets for
a more comprehensive analysis, without making an additional
filtering based on the growth condition.

The EGs were evaluated in terms of homology with human
proteome to avoid off-target effects. The pathogen proteins
showing sequence similarity higher than the selected cut-off were
discarded from the list of putative drug targets. Out of 69 essential
proteins predicted by the HBF simulation, 49 were found to
be non-homologous to the host proteins. Use of the generic
host medium led to a similar result and 49 HBF-derived non-
homologous genes were found to cover the 47 non-homologous
genes identified via the generic host medium. The two genes
not predicted as essential in the generic host medium compared
to HBF-based medium are nadD and nadE. Indeed, there are
many works supporting their potentials as drug targets in diverse
bacterial pathogens and investigation of possible inhibitors
against them (Sorci et al., 2009; Huang et al., 2010; Rodionova
et al,, 2014; Wang et al,, 2017). This highlighted the power of
HBF with 120 metabolites compared to the generic host medium
with 192 metabolites to properly simulate the host environment.
The remaining analyses were performed for this more specific but

powerful host condition by ignoring the generic host medium.
Only one of the aforementioned genes (nadE) is available in the
prioritized gene list given in Table1 (see the footnote to the
table). In the same manner, we performed homology analysis
for 102 EGs from the SM simulation, out of which only 62
were identified as non-homologous proteins (Figure 1B). The
SM-specific collection of 62 genes includes all non-homologous
EGs from the HBF simulation. The identified non-homologous
genes were shortlisted as potential drug targets. To characterize
the candidate targets, we first used pathway enrichment analysis.
In this regard, we investigated metabolic pathways in KEGG
and BioCyc databases associated with the putative targets. The
potential targets from the SM simulation were found to be
mainly involved in the metabolism of the bacterial membrane
structure, amino acid biosynthesis, and cofactor production
(Figure 2A). Several pathways were specifically identified only
for the SM simulation, which also corresponds to the common
functions of the conditionally essential genes required for
survival in the SM media. The conditionally essential genes were
found to be predominantly involved in nucleotide and cofactor
biosynthetic processes. Among these, panBCD gene cluster is
crucial to manage pantothenate synthesis pathway, which is
crucial for CoA production (Leonardi and Jackowski, 2007). The
pantothenate synthesis may be a promising target considering
that the CoA participates in many vital metabolic processes
such as degradation and synthesis of the fatty acids, production
of non-ribosomal proteins, and biosynthesis of phospholipids
(Leonardi and Jackowski, 2007; Spry et al., 2008). It is worth
emphasizing that essentiality of the panBCD is dependent
on the intrinsic capacity of the microorganisms to import
exogenous pantothenate (Gerdes et al., 2002). K. pneumoniae
MGH 78578 has a sodium/panthothenate symporter (encoded
by panF gene) dedicated to the transportation of pantothenate.
Since HBF medium includes pantothenate unlike SM medium
(Supplementary Dataset 2), the genes in the panBCD gene
cluster were predicted as essential in only SM simulation.
This also shows that medium selection greatly influences the
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predictive accuracy. On the other hand, any HBF-specific
cellular processes could not be identified since HBF-based non-
homologous EGs are the subset of SM-based EGs (Figure 2B).

Prioritization of Potential Drug Targets

The non-homologous essential pathogen proteins were further
characterized to select a set of targets by assessing suitability of
these candidates. In this regard, they were filtered through the
target prioritization pipeline. Subcellular localization was used as
the first criterion since the localization information is crucial to
provide an insight into structural and functional characteristics
of the proteins. Most of the putative targets were found to be
cytoplasmic while a small amount localizes at inner membrane,
as illustrated in Figure 3. This result indicates that our list does
not include any vaccine targets. Thus, small molecule drug design
is required to allow entry into the bacterial cells and inhibit
these targets.

The ability of proteins to bind to drug-like molecules is
as much important as protein localization in the drug design
process. This is because not all protein structures are capable of
binding to drug-like compounds (Shende et al., 2017). Therefore,
we also assessed the putative drug targets in terms of druggability.
Thirty-eight targets from the SM simulation were found to be
druggable (Figure 1C). They play key roles in the synthesis of
cell wall (i.e., outer membrane and peptidoglycan layer), cofactor
formation, nucleotide metabolism and amino acid biosynthesis.
Among them, 11 candidates showed affinity with at least five
drug molecules (Table 1). We next investigated the significantly
matched approved drugs interacting with the 38 putative targets.
Gentamicin, pyrophosphoric acid, ethionamide, isoniazid, and
fosfomycin approved by the Food and Drug Administration
(FDA) were found to interact with three putative targets
[NAD™ synthetase (NadE), enoyl-(acyl carrier protein) reductase
(Fabl), and UDP-N-acetylglucosamine 1-carboxyvinyltransferase
(MurA)]. Druggability analysis identified 29 targets from HBF
simulations as druggable (Figure 1C), all of which were members
of 38 target-set identified via SM simulations. A complete list of
drugs is presented in Supplementary Dataset 4.

The resistance that emerges through the transfer of ARGs
and/or mutations requires an urgent introduction of efficient
therapeutic strategies. This is because the acquisition of resistance
genes promotes predomination of resistant populations via the
elimination of wild-type microorganisms (Munita and Arias,
2016). Here, the antibiotic resistance screening was employed
as another important prioritization step to improve the success
in the eradication of the Klebsiella infections. In this regard, the
presence of any resistance-associated proteins within the putative
drug target list was investigated. However, no ARGs could be
determined. This result prompted us to focus on VF screening.
There is an obvious relationship between VFs (e.g., capsular
polysaccharide (CPS), lipopolysaccharide (LPS), fimbriae, outer
membrane proteins, and siderophores) and ARGs considering
that they share some common characteristics (Thornley and
Horne, 1962; Beceiro et al., 2013; Paczosa and Mecsas, 2016).
Thus, targeting the VFs may significantly damage the pathogen
by reducing both its pathogenicity and drug resistance. As

TABLE 1 | Prioritization of putative drug targets (elucidated via gene essentiality
and homology analyses) in terms of druggability, virulence, and broad-spectrum
distribution.

Putative drug target list Prioritization of putative drug targets

Locus ID Description  Virulence Druggability Broad
analysis analysis spectrum
analysis

KPN_02230 kdsA + 12 107
KPN_00194 IpxA + 107
KPN_00100 loxC + 6 101
KPN_00236 gmhA + 1 107
KPN_03963  hldD + 2 58
KPN_01284 fabl - 27 117
KPN_00478  purE - 1 154
KPN_02000 ribC - 1 95
KPN_00020  ribF - 3 94
KPN_00367  ribH - 14 128
KPN_03599  murA - 7 200
KPN_04350  murB - 2 56
KPN_00095  murC - 3 100
KPN_00092  murD - 8 59
KPN_00089  murE - 3 110
KPN_00090 murF - 1 69
KPN_00094 murG - 1 78
KPN_04256 murl - 3 61
KPN_04135 gmuU - 5 149
KPN_04352  coaA - 3 59
KPN_03974  coaD - 5 148
KPN_00141 panB - 2 138
KPN_00140  panC - 5 130
KPN_00139 panD - 2 94
KPN_03979  dfp - 2 151
KPN_02812 dapA - 1 139
KPN_00039  dapB - 2 96
KPN_00179 dapD - 5 67
KPN_01096  tmk - 1 97
KPN_01074  pyrC - 4 59
KPN_03983  pyrE - 2 53
KPN_01277  pyrF - 3 92
KPN_01228  nadE* - 6 78
KPN_03799  asd - 3 63
KPN_02202  galU + - 208
KPN_00192  JpxD + - 74
KPN_02493  ugd + 4 30

Targets predicted by at least two prioritization approaches are given here. The genes that
satisfy all three criteria are given at the top of the table. Target candidates from human
body fluid simulation (HBF) are the subset of sputum-macrophage (SM) simulation-derived
results and they are given in red letters. The number of the bacterial pathogen genomes
containing the potential targets and the number of interacting drugs are listed in the table.
"All HBF medium-predicted genes in the table were also predicted to be drug targets
via the generic host medium simulation, apart from nadE. The nadE gene was classified
as essential by HBF and SM simulations, but it was not predicted by the generic host
medium simulation.
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FIGURE 2 | Significantly enriched pathways (FDR < 10~*) regarding the targets from (A) sputum-macrophage (SM) and (B) human body fluid (HBF) simulations. The
pathways that appear specifically in SM medium (A) point to the common functions of SM-specific conditionally essential genes. Only a subset of the pathways in (A)
covers all pathways identified for the HBF medium (B). For each pathway, the bar shows number of putative targets involved in that pathway. The pathways from
KEGG pathway database is given by gray bars while the bars representing BioCyc pathways are highlighted in claret red.

mentioned in the section Materials and Methods, we used VFDB
to reveal VFs within the putative drug target list. Regardless of
simulation conditions (i.e., HBF or SM), eight virulence genes
including IpxA, IpxC, IpxD, ugd, hldD (formerly rfaD), galU,
kdsA, and gmhA (formerly IpcA) were predicted (Figure 1D).
They are primarily involved in the formation of the bacterial
membrane (Figure 4).

LPS (also known as endotoxin) is one of the major
components of the outer membrane in gram-negative bacteria,
and it contributes to protection against antimicrobial molecules
in addition to membrane integrity (Deacon et al, 2000).
It consists of three principal layers including O-antigen,
core oligosaccharide, and lipid A (Maldonado et al., 2016).
The core oligosaccharide region of LPS contains inner core
[association of 3-deoxy-D-manno-oct-2-ulosonic acid (Kdo)
and heptose residues] and outer core [association of hexoses

(galactose and glucose) and hexosamines]. Several structural
features of the LPS differ within bacterial species. For
instance, the Kdo of K. pneumoniae LPS is also localized
in the outer core unlike E. coli (Regué et al, 2005).
Phosphoheptose isomerase (encoded by gmhA) and ADP-
L-glycero-D-manno-heptose-6-epimerase (encoded by hldD)
catalyze the biosynthesis of the heptose precursors. On the other
hand, 2-dehydro-3-deoxyphosphooctonate aldolase (encoded by
kdsA) is responsible for the synthesis of the Kdo, which links
lipid A and core oligosaccharides (Strohmaier et al., 1995).
Lipid A is the innermost leaflet of the outer membrane. It
supports the integrity of the outer membrane along with
the core oligosaccharide, and it is essential for bacterial
survival (Barb and Zhou, 2008; Llobet et al., 2015). UDP-N-
acetylglucosamine acyltransferase (encoded by IpxA), UDP-3-
O-acyl-N-acetylglucosamine deacetylase (encoded by IpxC), and
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UDP-3-O-(3-hydroxymyristoyl) glucosamine N-acyltransferase
(encoded by IpxD) are involved in the lipid A biosynthesis
(Clements et al., 2002). Other VFs reported as the putative drug
targets in this study play an important role in both LPS and
CPS biosynthesis. UDP-glucose pyrophosphorylase (encoded by
galU) is responsible for the regulation of the intracellular UDP-
galactose and UDP-glucose concentrations (Lai et al., 2001; Shu
et al., 2009). Conversion of UDP-glucose into UDP-glucuronic
acid is managed by UDP-glucose 6-dehydrogenase (encoded by
ugd at the 3’ end of K. pneumoniae cps gene clusters) and this
compound is used as a substrate for synthesis of different surface
structures (Shu et al., 2009; Mainprize et al., 2013; Figure 4).

To delay the resistance development, another prominent
approach is inhibition of the conserved targets. Discovery of
more conserved, broadly distributed targets may not only enable
to slow resistance development but also facilitate to reveal
the targets for a bacterial co-infection or multiple infections.
Therefore, we explored the putative targets, homologs of
which are widely distributed among pathogens. The analysis
resulted in 53 potential broad-spectrum targets from the SM
simulation, which are involved in at least 40 strains of the
serious pathogens (e.g., Bacillus cereus, Clostridium botulinum,
Acinetobacter baumannii, Haemophilus influenzae, Helicobacter
pylori, Mycobacterium tuberculosis, Salmonella typhimurium, and
Staphylococcus aureus, among others; Figure 1E). Twenty-two
of the targets are distributed across at least 100 strains, and
these proteins are mainly responsible for the membrane synthesis
or cofactor production. Broad-spectrum analysis of 49 non-
homologous essential targets from the HBF simulation revealed

42 possible broad-spectrum antibacterial targets, which are also
included in the set of the broad-spectrum targets from the SM
analysis (Figure 1E). Eighteen of them are present in at least 100
strains. Overall, the broad conservation of the targets predicted
in the study can have a great advantage in avoiding emergence of
drug resistance in different pathogenic strains.

Analysis of the Prioritized Drug Targets

In-depth examination of the prioritized list of the drug targets
reveals a total of 57 non-homologous genes that satisfy at
least one prioritization criteria. In a recent multi-omics study
by Ramos and colleagues, 29 potential drug targets for MDR
K. pneumoniae Kpl3 were proposed (Ramos et al, 2018).
Comparison of the computational predictions revealed 18
common targets with that study.

The genes identified by at least two prioritization approaches
are listed in Table 1, which amount to 37 genes. Only five proteins
(encoded by IpxA, IpxC, hldD, gmhA, and kdsA) in this prioritized
target list were identified by the three prioritization approaches.
That is, those proteins were predicted to be druggable, broad-
spectrum, and virulence factors (Table 1). They are responsible
for the biosynthesis of the bacterial cell wall components as
described before (Figure4). Of these five targets, LpxA and
LpxC were also suggested as putative drug targets by Ramos
et al. (2016, 2018) confirming the involvement of these enzymes
in polymyxin B resistance. The LpxA exhibits no significant
structural or sequence homology with mammalian enzymes
(Barb and Zhou, 2008; Joo, 2015). To date, crystal structures
of this protein have been revealed for various bacteria such
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as E. coli (Raetz and Roderick, 1995; Williams and Raetz,
2007), and Leptospira interrogans (Robins et al., 2009). More
recently, the crystal structure of Moraxella catarrhalis LpxA
was determined and potential inhibitors were suggested by
presuming that they may also interact with the LpxAs from other
gram-negative bacteria (Pratap et al., 2017). When compared
to the LpxA, there is a further effort for the development of

the LpxC inhibitors (Lee et al., 2011; Kalinin and Holl, 2017).
Considering conservation and essentiality of the LpxC protein
among the gram-negative bacteria, it is a quite promising drug
target (Barb and Zhou, 2008). In a recent study, 3D structure of
MDR K. pneumoniae HS11286 LpxC was modeled using X-ray
crystallographic structure of E. coli LpxC as the template. Based
on the molecular docking and molecular dynamics simulations,
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a uridine-based receptor antagonist was suggested to be a  druggability, and broad-spectrum analyses (Table 1). It is the
potential inhibitor destabilizing the substrate-binding site of the = top candidate since, among the five mentioned proteins, it
K. pneumoniae HS11286 LpxC (Ahmad et al., 2018a). has the highest number of interacting drugs. In addition, it
In addition to the components in the lipid A synthesis  shares the highest broad-spectrum score with two others. This
pathway, other enzymes responsible for LPS synthesis are also ~ enzyme may be a promising target, considering that inhibition
attractive target candidates (Figure4). HIdD and GmhA are  of the Kdo biosynthesis results in suppression of replication
two other proteins predicted as drug targets by the three  and so cell growth arrest (Xu et al., 2003; Ahmad et al., 2019).
prioritization approaches, which are crucial for resistance within =~ The KdsA from different pathogens has been so far proposed
harsh host environment and against medical interventions. as the putative drug targets through in silico studies such as
They are especially promising in the design of broad-spectrum  metabolic pathway analysis (Perumal et al., 2007; Rath et al,
antibiotic adjuvants in order to enhance the sensitivity of  2016), multi-omics approach (Ramos et al., 2018), subtractive
the pathogens against available antimicrobial agents (Taylor  genomics (Amineni et al., 2010), and subtractive proteomics
et al, 2008). The HIdD, with no mammalian counterpart, (Ahmad etal., 2018b) as well as through in vitro studies (Perumal
is involved in the generation of an obligatory component et al, 2010). Moreover, several Kdo inhibitors with a limited in
of the LPS core domain in the most gram-negative bacteria  vivo activity, despite their promising in vitro applications, have
(Deacon et al., 2000; Kuo et al, 2016). A reduced ability = been developed (Du et al., 1999; Birck et al., 2000; Grison et al.,
of hldD mutants (i.e., core-defective mutants) to survive in  2005; Le Calvez et al.,, 2009; Harrison et al., 2012; Smyth and
the host (Deacon et al., 2000) and the contribution of the = Marchant, 2013). These inhibitors were reported to be useful
HIdD to the bacterial virulence (Kuo et al, 2016) have been  for inhibition of the KdsA activity in different bacteria. More
reported. Thus, development of potent epimerase inhibitors  recently, KDO8P oxime was evaluated in terms of the inhibitory
may facilitate powerful antibiotic adjuvant therapies. The GmhA  capacity, which supported a greater understanding of the binding
is another conserved enzyme. The cell wall-damaging agents  kinetics. This may lead to more efficient KdsA inhibitors (Gama
are well-tolerated thanks to this enzyme by many gram- et al, 2018). Identification of the KdsA protein at the top of
negative pathogens [e.g., Fusobacterium nucleatum (Kumar  the ranked putative target list in the current study and studies
et al., 2016), Neisseria gonorrhoeae (Wierzbicki et al, 2017),  on KdsA inhibitors encouraged us to investigate K. pneumoniae
L. interrogans (Umamaheswari et al, 2010), and E. coli ~KdsA inhibitors. We investigated potent inhibitors for this
(Taylor et al., 2008)]. Hence, design of the GmhA inhibitors  protein through the structure-based virtual screening protocol
holds promise to cope with the ongoing resistance problem  (see the next section).
by increasing the antibiotic susceptibility of the pathogens. It is important to note that we discussed only targets meeting
Homology models and crystallographic structures of this enzyme  all specified criteria (apart from antibiotic resistance screening) in
were investigated for various pathogens to further shed light  the target prioritization process. However, the targets identified
on structure/function relationship of the enzyme and facilitate by most of the prioritization approaches may be also attractive.
the design of alternative therapeutic approaches (Taylor et al,  For instance, Ugd is a promising drug target though it was
2008; Umamaheswari et al., 2010). The homology model of L. not prioritized in the broad-spectrum analysis. It is crucial
interrogans GmhA provided prediction of 14 novel competitive ~ for the biosynthesis of both CPS and LPS (Figure 4), which
inhibitors (Umamaheswari et al., 2010). support gram-positive and gram-negative bacterial evasion of
Based on the prioritization criteria discussed above, the  host innate immune response (Mainprize et al, 2013). The
KdsA was defined as the highest-ranked drug target among the  correlation between the enzymatic activity of the Ugd and
target candidates satisfying all criteria defined for the virulence,  antibiotic resistance indicates convenience of this enzyme as
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drug target in several pathogens [e.g., K. pneumoniae CG43
(Cheng et al., 2010) and Pseudomonas aeruginosa (Hung et al.,
2007)]. Furthermore, Chen and colleagues demonstrated the
inhibitory role of the UDP-glucuronic acid on this enzyme.
They identified conformational changes in the enzyme via both
competitive and allosteric inhibition along with the increased
UDP-glucuronic acid concentration in K. pneumoniae NTUH-
K2044. Thus, it was highlighted that regulation mechanism
of the UDP-glucuronic acid would be guiding in the design
of inhibitors (Chen et al., 2011). Another example is GalU,
and it was found that galU-deficient mutant of K. pneumoniae
CG43 had a defect in both the utilization of galactose
and production of capsular polysaccharide (Figure 4). Hence,
galU mutation impairs the virulence in vivo (Chang et al,
1996).

Identification of Potential Drugs for KdsA

Computer-aided drug design is a useful approach to reduce
time and cost. Therefore, we investigated putative inhibitors
against the high-ranked potential target (KdsA) using in silico
techniques. To our knowledge, this is the first attempt for
the K. pneumoniae KdsA enzyme. A comparative structure
prediction method was firstly used since the 3D structure of K.
pneumoniae KdsA enzyme was not available. Upon similarity
search via BLAST, the 3D structure of KDOSP synthase from
E. coli was selected (PDB code: 1D9E). The E. coli enzyme
showed 95.42% sequence identity, 100% query coverage, and had
a high resolution with 2.4 A. Figure 5A shows the sequence
similarity between the two proteins. The PDB structure was
found as a homotetramer (Figure 5B). Since it is homotetramer
composition, the chain A was kept for the docking and the
rest of the other chains were removed. The literature helped to
assign following active site residues (Radaev et al., 2000): LYS55,
LYS60, ARG63, SER64, ALA116, LYS138, ARG168, HIS202,

and GLU239. Figure 6 shows the active site regions of the
protein 1D9E.

Each compound from the ZINC database was docked using
the AutoDock Vina tool to identify potential inhibitors of the
enzyme. The corresponding energy score of each compound
was estimated and retrieved for the purpose of ranking the
compounds. A histogram was generated showing the frequency
of compounds with respect to the scoring range. The histogram
had a normal-like distribution, and showed that the maximum
number of compounds were found in the scoring bin of —7.0
to —6.8 Kcal/mol. Since it is interesting to see how these
compounds interact with the receptor, the compounds in this
range were extracted using shell script. Top 5% compounds
were selected from the histogram and prioritized as potential
inhibitors of KDOS8P synthase (Supplementary Dataset 5). To
make a comparison, the 2D interactions of the top most energy
scored (i.e., —11.6 Kcal/mol) and the most frequent scored
(i.e., —7.0 Kcal/mol) compounds are presented in Figures 7A,B,
respectively. We used LigPlot to generate the 2D interaction
diagrams (Wallace et al., 1995). Table 2 has 2D structures of
the compounds ZINC95543764 and ZINC20057784. Figure 7A
shows that the compound ZINC95543764 mediates significant
interactions with the active site and the residues in the vicinity.
The main hydrogen bonding interactions include ARG1168,
ASN1062, HIS1202, ASP1199, and ASN1026. This compound
is a derivative of coumarin, and it is reported to have too low
acute toxicity in mice, with high antimicrobial and antioxidant
potential (Hamdi et al., 2008). Bactericidal and fungicidal efficacy
of the naturally occurring or synthetic coumarin derivatives
are commonly investigated in literature (Hamdi et al., 2008;
Siddiqui et al., 2011; Dastan et al., 2016; Singh et al., 2017;
Tan et al, 2017). To date, the significant inhibitory activity
of several biologically active coumarin-based compounds has
been demonstrated on K. pneumoniae (Siddiqui et al., 2011;
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TABLE 2 | 2D structures of the compounds ZINC95543764 and ZINC20057784.

ZINC ID Name Structure Vina dock score
ZINC20057784 (6R)-5-(3-Ethoxy-4-hydroxyphenyl)-4-[hydroxy-(4-methoxy-2- —7.0 Kcal/mol
methylphenyl)methylidene]- 1-(3-morpholin-4-
ylpropyl)pyrrolidine-2,3-dione
ZINC95543764 3-[[4-[Bis(4-hydroxy-2-oxochromen-3-y)methyllphenyl]-(4- —11.6 Kcal/mol

hydroxy-2-oxochromen-3-ylmethyl]-4-hydroxychromen-2-

one

Tan et al, 2017). Based on the antibacterial potential of the
coumarin derivatives, we suggest ZINC95543764, the top most
energy scored compound in this study, as a potential Klebsiella
inhibitor. Figure 7B shows the interactions mediated between
the compound ZINC20057784 and the active site residues of the
receptor. The key hydrogen bonding interactions in this case
are ASP1199, HIS1202, LYS1060, ASN1026, ASN1062, ARG1168,
and PHE1117. The list of identified compounds can be tested in
follow-up experimental studies.

Metabolite-Centric Approach

The putative drug targets identified through the gene-centric
approach were extended via the metabolic-centric approach,
which is based on FBA-based prediction of EMs. The metabolic-
centric approach follows similar steps to the gene-centric
approach. First, EMs are predicted using FBA based metabolite-
blocking simulations. Then, among the identified EMs, those
also available in human cells and those associated with human
homologous enzymes are filtered out. The structural analogs of
remaining EMs are proposed as potential drug candidates. The
enzymes associated with the outgoing reactions of these EMs are
potential drug targets, whose simultaneous blocking will cause
cell death. The metabolite-centric approach enables identification
of sets of novel drug targets that could not be predicted by
the gene-centric approach. The steps of the metabolic-centric
approach are detailed below.

Firstly, EMs were determined by constraining the flux
through the associated outgoing reaction(s) of each metabolite
in the model to zero. In this manner, the effect of the absence of
a metabolite on the growth rate of the organism was simulated.
Forty-one EMs were predicted via the SM simulation. Of these,
23 metabolites were found to be essential for the bacterial
growth in the HBF. The generic host medium simulation led
to identification of the same EM list as HBF simulation. These

metabolites were filtered to eliminate the compounds also
involved in the human metabolism. Removal of the common
metabolites is crucial to decrease the risk of drug-related
side effects. In this regard, the metabolites found in both
K. pneumoniae metabolism and human metabolism were
screened using the list of 807 common metabolites given
in Supplementary Dataset 6. Seventeen out of forty-one
EMs from the SM simulation and 5 out of 23 EMs from the
HBF (or the generic host medium) simulation were listed as
pathogen-specific compounds while the remaining EMs were
excluded. To explore the putative drug targets, the enzymes
catalyzing the reactions associated with the selected metabolites
were analyzed in terms of homology to human enzymes. The
EMs associated with homologous enzymes were excluded.
A total of six enzymes (encoded by ribC, ribH, mrcA, mrcB,
pbpC, and fabl) are associated with the remaining EMs,
involved in the corresponding outgoing reactions (Table 3).
Therefore, they were suggested as putative drug targets. The
associated six metabolites are 4r5au [4-(1-D-Ribitylamino)-5-
aminouracil], dmlz [6,7-Dimethyl-8-(1-D-ribityl)lumazine],
uaagmda [undecaprenyl-diphospho-N-acetylmuramoyl-(N-
acetylglucosamine)-L-ala-D-glu-meso-2,6-diaminopimeloyl-D-
ala-D-ala], t3c5ddeceACP  (trans-3-cis-5-dodecenoyl-ACP),
t3c7mrseACP (trans-3-cis-7-myristoleoyl-ACP), and
t3c9palmeACP (trans-3-cis-9-palmitoleoyl-ACP). They were
proposed to be drug analogs. This is because drugs share
structural similarities with metabolites. Use of such drugs is
equivalent to simultaneous suppression of all outgoing reactions
around each EM. This ensures that inhibitors (structural
analogs of the metabolites) primarily target synthetic lethal
interactions, enabling more efficient treatments. The predicted
enzymes [riboflavin synthase subunit o (RibC), riboflavin
synthase subunit B (RibH), penicillin-binding protein 1A-C
(PBP 1A, PBP 1B, and PBP 1C encoded by mrcA, mrcB, and
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TABLE 3 | List of the filtered essential metabolites and the associated putative drug targets as well as the outgoing reactions.

Metabolite Putative drug target (Enzyme) Reaction
Name Metabolism Name Essential Druggable Broad- Localization Name Essential
spectrum
4r5au Riboflavin ribC + + + C RBFSa +
Synthesis
dmiz Riboflavin ribH + + + C RBFSb +
Synthesis
uaagmda Peptidoglycan mrcA - + + M MPTG/MPTG2 +/—
Synthesis mrcB - + + M
pbpC - + + M
t38c5ddeceACP Fatty Acid fabl* + + + IM EAR161x/y -
t8c7mrseACP Synthesis EAR141xy -
t3c9palmeACP EAR121x/y -

C, cytoplasm; IM, inner membrane.
*Predicted by only sputum-macrophage (SM) simulation.

pbpC genes, respectively), and enoyl-(acyl carrier protein)
reductase (Fabl)] are involved in several outgoing reactions,
which are associated with the riboflavin, peptidoglycan, or
fatty acid metabolism. Of these enzymes, RibC, RibH, and Fabl
were found to be independently essential, and the PBP 1A-C
enzymes were identified as synthetic lethal. Characteristics
of the final EMs and the associated genes are summarized
in Table 3.

Bacterial fatty acid synthesis is an essential process supporting
formation of the cell membrane. Even if each step in
this pathway is vital for the bacteria, Fabl has received
a particular interest owing to its rate-controlling role in
the fatty acid synthesis. It catalyzes the last step in the
elongation cycle of fatty acid synthesis including NAD(P)H
dependent reduction of the trans-2-enoyl-ACP to acyl-ACP
(Yao and Rock, 2016). There is an intense effort to develop
inhibitors for this regulatory protein (Yao and Rock, 2016;
Mistry et al., 2017). However, various resistance mutations
in this enzyme render the available inhibitors ineffective (Yao
and Rock, 2016). To address this challenge, novel inhibitors
must be introduced. To this aim, the EMs identified in the
current study may help researchers in the structure-based
drug design.

RibC and RibH (encoded by ribC and ribH) were predicted
using both gene- and metabolic-centric approaches. They are
essential in riboflavin (vitamin B2) synthesis. Riboflavin is an
essential precursor of FMN and FAD. Its synthesis is essential
in the gram-negative bacteria lacking a transport system for
riboflavin uptake while the ribC is conditionally essential in the
bacteria with a riboflavin transporter. Disruption of the ribC was
reported as lethal in the mutant H. influenzae cells cultured in
a riboflavin-deficient medium (Saeed-kothe et al., 2004). Other
targets including PBP 1A, PBP 1B, and PBP 1C participate
in the peptidoglycan biosynthesis (Figure 4). Peptidoglycan is
a cross-linked polymer in the periplasm that plays a critical
role in the protection of the bacteria from rupturing by the
high intracellular pressure (Vollmer and Héltje, 2000; Vollmer
and Bertsche, 2008). The backbone of this mesh-like polymer

consists of disaccharide peptide moiety of lipid II cross-
linked by peptide bridges. Penicillin-binding proteins (PBPs)
carrying transpeptidase and/or glycosyltransferase activities
are involved in the final stages of peptidoglycan synthesis.
Polymerization of peptidyl disaccharide subunits is managed
through the glycosyltransferase activity, and cross-linking by
peptide bridges is catalyzed through the transpeptidase activity
(Derouaux et al., 2013; Mesleh et al., 2016). Inhibition of
the peptidoglycan synthesis was reported to result in bacterial
cell lysis and subsequently death of the cell (Derouaux
et al., 2013). Here, the metabolite-centric approach supported
this phenomenon by predicting the related enzymes as the
putative targets. Furthermore, these enzymes were found
as synthetic lethal. Prediction of such targets without the
requirement of time-consuming multiple gene deletions is
a prominent superiority of the metabolite-centric approach.
Investigation of a drug mimicking the structure of uaagmda
is a dramatically reasonable approach to narrow down the
available chemical library compounds. Therefore, uaagmda
analogs may be screened for the simultaneous suppression of
PBP 1A-C. Such drugs may be more effective to diminish
rapid resistance development when compared to single-
target inhibitors.

CONCLUSION

Genome-scale metabolic networks of different K. pneumoniae
strains have been developed so far (Liao et al., 2011; Henry et al.,
2017; Ramos et al., 2018; Norsigian et al., 2019), but to our
knowledge they were not used for drug target discovery via the
constraint-based analysis coupled to bioinformatic prioritization
steps. This prompted us to investigate candidate drug targets
for K. pneumoniae comprehensively via a network-based
metabolism-centered approach. We identified the K. pneumoniae
enzymes that are crucially involved in the bacterial survival.
In all simulations, different host-mimicking environments and
an improved biomass formation reaction were included in the
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GMN. Upon gene-centric approach, KdsA enzyme was found
to be the high-ranked putative target highly satisfying most of
the target prioritization criteria. This result encouraged us to
investigate the potential KdsA inhibitors. We identified a list
of compounds including ZINC95543764 and ZINC20057784,
which can efficiently bind to the active site of the enzyme.
It is important to note that a scarce number of KdsA
inhibitors have so far been reported (Du et al, 1999; Birck
et al, 2000; Grison et al, 2005; Le Calvez et al., 2009;
Harrison et al., 2012; Smyth and Marchant, 2013). We provided
an insight on the molecular nature of binding interactions.
This may open new avenues to explore the novel inhibitors.
We also presented additional promising putative targets and
corresponding drugs, laying the foundation for future studies
in the scope of this work (Supplementary Datasets 3, 4).
In addition to the gene-centric approach, we employed
the metabolite-centric approach. This yielded the synthetic
lethal targets that could not be detected through the gene-
centric approach. Collectively, the comprehensive effort on
the investigation of the K. pneumoniae metabolism has
enabled better understanding of the pathogenic phenotype and
elucidation of the putative targets. Future studies can provide
more evidence for the targets and inhibitors suggested in
this study.

REFERENCES

Ahmad, S., Navid, A., Akhtar, A. S., Azam, S. S., Wadood, A., and Pérez-Sénchez,
H. (2018a). Subtractive genomics, molecular docking and molecular dynamics
simulation revealed LpxC as a potential drug target against multi-drug
resistant Klebsiella pneumoniae. Interdiscip. Sci. Comput. Life Sci. 11:508-526.
doi: 10.1007/s12539-018-0299-y

Ahmad, S., Raza, S., Abro, A. Liedl, K. R, and Azam, S. S. (2019).
Toward novel inhibitors against KdsB: a highly specific and selective
broad-spectrum bacterial enzyme. J. Biomol. Struct. Dyn. 37, 1326-1345.
doi: 10.1080/07391102.2018.1459318

Ahmad, S., Raza, S., Uddin, R, and Azam, S. S. (2018b). Comparative
subtractive proteomics based ranking for antibiotic targets against the
dirtiest superbug: Acinetobacter baumannii. /. Mol. Graph. Model. 82, 74-92.
doi: 10.1016/j.jmgm.2018.04.005

Ahn, Y., Lee, D., Burd, H., Blank, W., and Kapatral, V. (2014). Metabolic
network analysis-based identification of antimicrobial drug targets in category
A bioterrorism agents. PLoS ONE 9:e85195. doi: 10.1371/journal.pone.0085195

Amineni, U., Pradhan, D., and Marisetty, H. (2010). In silico identification of
common putative drug targets in leptospira interrogans. J. Chem. Biol. 3,
165-173. doi: 10.1007/s12154-010-0039-1

Bachman, M. A,, Breen, P., Deornellas, V., Mu, Q., Zhao, L., Wu, W, et al. (2015).
Genome-wide identification of Klebsiella pneumoniae fitness genes during lung
infection. MBio 6, 1-9. doi: 10.1128/mBi0.00775-15

Barb, A. W., and Zhou, P. (2008). Mechanism and inhibition of LpxC: an
essential zinc-dependent deacetylase of bacterial lipid A synthesis. Curr. Pharm.
Biotechnol. 9, 9-15. doi: 10.2174/138920108783497668

Beceiro, A., Toméds, M., and Bou, G. (2013). Antimicrobial resistance and virulence:
a successful or deleterious association in the bacterial world? Clin. Microbiol.
Rev. 26, 185-230. doi: 10.1128/CMR.00059-12

Birck, M. R,, Holler, T. P., and Woodard, R. W. (2000). Identification of a slow
tight-binding inhibitor of 3-deoxy-D-manno-octulosonic acid 8-phosphate
synthase. J. Am. Chem. Soc. 122, 9334-9335. doi: 10.1021/ja002142z

Bordbar, A., Lewis, N. E., Schellenberger, J., Palsson, B. @., and Jamshidi, N. (2010).
Insight into human alveolar macrophage and M. tuberculosis interactions via
metabolic reconstructions. Mol. Syst. Biol. 6:422. doi: 10.1038/msb.2010.68

DATA AVAILABILITY STATEMENT

The raw data supporting the conclusions of this manuscript will
be made available by the authors, without undue reservation, to
any qualified researcher.

AUTHOR CONTRIBUTIONS

MC performed metabolism-based simulations and analyses. BS
employed structure-based analyses. SD, RU, TC conceived and
designed the study.

FUNDING

This work was supported by TUBITAK, The Scientific
and Technological Research Council of Turkey (Project
Code: 316S005) and by PSE The Pakistan Science Foundation
[Project Code: PSE-TUBITAK/S-HE] (04)].

SUPPLEMENTARY MATERIAL

The Supplementary Material for this article can be found
online at: https://www.frontiersin.org/articles/10.3389/fcimb.
2019.00447/full#supplementary-material

Cano, V., March, C,, Insua, J. L., Aguil6, N., Llobet, E., Moranta, D, et al. (2015).
Klebsiella pneumoniae survives within macrophages by avoiding delivery to
lysosomes. Cell. Microbiol. 17, 1537-1560. doi: 10.1111/cmi.12466

Cesur, M. F., Abdik, E., Giiven-Giilhan, U., Durmus, S., and Gakir, T. (2018).
“Computational systems biology of metabolism in infection,” in Metabolic
Interaction in Infection, eds R. Silvestre and E. Torrado (Cham: Springer),
235-282.

Chang, H. Y., Lee, J. H., Deng, W. L., Fu, T. F., and Peng, H. L. (1996). Virulence
and outer membrane properties of a galU mutant of Klebsiella pneumoniae
CG43. Microb. Pathog. 20, 255-261. doi: 10.1006/mpat.1996.0024

Chawley, P., Samal, H. B., Prava, J., Suar, M., and Mahapatra, R. K. (2014).
Comparative genomics study for identification of drug and vaccine targets
in vibrio cholerae: MurA ligase as a case study. Genomics 103, 83-93.
doi: 10.1016/j.ygeno.2013.12.002

Chen, L., Zheng, D., Liu, B., Yang, J., and Jin, Q. (2016). VEDB 2016: hierarchical
and refined dataset for big data analysis - 10 years on. Nucleic Acids Res. 44,
D694-D697. doi: 10.1093/nar/gkv1239

Chen, Y. Y, Ko, T. P, Lin, C. H, Chen, W. H, and Wang, A. H.
J. (2011). Conformational change upon product binding to Klebsiella
pneumoniae UDP-glucose dehydrogenase: a possible inhibition mechanism
for the key enzyme in polymyxin resistance. J. Struct. Biol. 175, 300-310.
doi: 10.1016/j.jsb.2011.04.010

Cheng, H., Chen, Y., and Peng, H. (2010). Molecular characterization of
the PhoPQ-PmrD- PmrAB mediated pathway regulating polymyxin
B resistance in Klebsiella pneumoniae CG43. J. Biomed. Sci. 1-16.
doi: 10.1186/1423-0127-17-60

Clements, J. M., Coignard, F., Johnson, I, Palan, S., Waller, A., Wijkmans,
J., et al. (2002). Antibacterial activities and characterization of novel
inhibitors of LpxC. Antimicrob. Agents Chemother. 46, 1793-1799.
doi: 10.1128/AAC.46.6.1793-1799.2002

Dastan, D., Salehi, P., Aliahmadi, A., Gohari, A. R., Maroofi, H., and Ardalan, A.
(2016). New coumarin derivatives from Ferula pseudalliacea with antibacterial
activity. Nat. Prod. Res. 30, 2747-2753. doi: 10.1080/14786419.2016.1149705

Deacon, A. M., Ni, Y. S, Coleman, W. G., and Ealick, S. E. (2000). The crystal
structure of ADP-L-glycero-D-mannoheptose 6-epimerase: catalysis with a
twist. Structure 8, 453-462. doi: 10.1016/50969-2126(00)00128-3

Frontiers in Cellular and Infection Microbiology | www.frontiersin.org

15

January 2020 | Volume 9 | Article 447


https://www.frontiersin.org/articles/10.3389/fcimb.2019.00447/full#supplementary-material
https://doi.org/10.1007/s12539-018-0299-y
https://doi.org/10.1080/07391102.2018.1459318
https://doi.org/10.1016/j.jmgm.2018.04.005
https://doi.org/10.1371/journal.pone.0085195
https://doi.org/10.1007/s12154-010-0039-1
https://doi.org/10.1128/mBio.00775-15
https://doi.org/10.2174/138920108783497668
https://doi.org/10.1128/CMR.00059-12
https://doi.org/10.1021/ja002142z
https://doi.org/10.1038/msb.2010.68
https://doi.org/10.1111/cmi.12466
https://doi.org/10.1006/mpat.1996.0024
https://doi.org/10.1016/j.ygeno.2013.12.002
https://doi.org/10.1093/nar/gkv1239
https://doi.org/10.1016/j.jsb.2011.04.010
https://doi.org/10.1186/1423-0127-17-60
https://doi.org/10.1128/AAC.46.6.1793-1799.2002
https://doi.org/10.1080/14786419.2016.1149705
https://doi.org/10.1016/S0969-2126(00)00128-3
https://www.frontiersin.org/journals/cellular-and-infection-microbiology
https://www.frontiersin.org
https://www.frontiersin.org/journals/cellular-and-infection-microbiology#articles

Cesur et al.

Systems-Level Drug Target Identification for K. pneumoniae

Derouaux, A., Sauvage, E., and Terrak, M. (2013). Peptidoglycan
glycosyltransferase substrate mimics as templates for the design of new
antibacterial drugs. Front. Immunol. 4:78. doi: 10.3389/fimmu.2013.00078

Doorduijn, D. J., Rooijakkers, S. H. M., van Schaik, W., and Bardoel, B. W. (2016).
Complement resistance mechanisms of Klebsiella pneumoniae. Immunobiology
221, 1102-1109. doi: 10.1016/j.imbio.2016.06.014

Du, S., Faiger, H. Belakhov, V., and Baasov, T. (1999). Towards the
development of novel antibiotics: synthesis and evaluation of a mechanism-
based inhibitor of Kdo8P synthase. Bioorg. Med. Chem. 7, 2671-2682.
doi: 10.1016/50968-0896(99)00233-3

Durmus, S., Gakir, T., Ozgiir, A., and Guthke, R. (2015). A review on
computational systems biology of pathogen-host interactions. Front. Microbiol.
6:235. doi: 10.3389/978-2-88919-821-4

Edwards, J. S., Covert, M., and Palsson, B. (2002). Metabolic modelling
of microbes: the flux-balance approach. Env. Microbiol. 4, 133-140.
doi: 10.1046/j.1462-2920.2002.00282.x

Friedlander, C. (1882). Ueber die schizomyceten bei der acuten fibrésen
pneumonie. Arch. Pathol. Anat. Physiol. Klin. Med. 87, 319-324.
doi: 10.1007/BF01880516

Fukuyama, H., Yamashiro, S., Kinjo, K., Tamaki, H., and Kishaba, T. (2014).
Validation of sputum gram stain for treatment of community-acquired
pneumonia and healthcare-associated pneumonia: a prospective observational
study. BMC Infect. Dis. 14:534. doi: 10.1186/1471-2334-14-534

Gama, S. R, Balachandran, N., and Berti, P. J. (2018). Campylobacter jejuni
KDOS8P synthase, its inhibition by KDOS8P oxime, and control of the
residence time of slow-binding inhibition. Biochemistry 57, 5327-5338.
doi: 10.1021/acs.biochem.8b00748

Gawade, P., and Ghosh, P. (2018). Genomics driven approach for identification
of novel therapeutic targets in Salmonella enterica. Gene 668, 211-220.
doi: 10.1016/j.gene.2018.05.058

Gerdes, S. Y., Scholle, M. D., Souza, M. D., Bernal, A., Baev, M. V., Farrell,
M., et al. (2002). From genetic footprinting to antimicrobial drug targets:
examples in cofactor biosynthetic pathways. J. Bacteriol. 184, 4555-4572.
doi: 10.1128/]B.184.16.4555-4572.2002

Goroll, A. H., and Mulley, A. G. J. (2009). Primary Care Medicine: Office
Evaluation and Management of the Adult Patient, 6th Edn. Philadelphia:
Wolters Kluwer/Lippincott Williams & Wilkins Health.

Grison, C., Petek, S., Finance, C., and Coutrot, P. (2005). Synthesis
and antibacterial activity of mechanism-based inhibitors of KDOS8P
synthase and DAH7P synthase. Carbohydr. Res. 340, 529-537.
doi: 10.1016/j.carres.2004.11.019

Gupta, S. K., Padmanabhan, B. R., Diene, S. M., Lopez-Rojas, R., Kempf, M.,
Landraud, L., et al. (2014). ARG-annot, a new bioinformatic tool to discover
antibiotic resistance genes in bacterial genomes. Antimicrob. Agents Chemother.
58,212-220. doi: 10.1128/AAC.01310-13

Hadi, M. and Marashi, S.-A. (2014). Reconstruction of a generic
metabolic network model of cancer cells. Mol. Biosyst. 10, 3014-3021.
doi: 10.1039/C4MB00300D

Hamdi, N., Puerta, M. C., and Valerga, P.
antimicrobial ~ and  antioxidant  investigations
and related compounds. Eur. J. Med. Chem.
doi: 10.1016/j.ejmech.2008.03.038

Harrison, A. N., Reichau, S, and Parker, E. J. (2012). Synthesis and
evaluation of tetrahedral intermediate mimic inhibitors of 3-deoxy-D-manno-
octulosonate 8-phosphate synthase. Bioorg. Med. Chem. Lett. 22, 907-911.
doi: 10.1016/j.bmcl.2011.12.025

Henry, C. S., Rotman, E., Lathem, W. W., Tyo, K. E. J., Hauser, A. R,, and
Mandel, M. J. (2017). Generation and validation of the iKp1289 Metabolic
model for Klebsiella pneumoniae KPPRI. ]. Infect. Dis. 215, S37-543.
doi: 10.1093/infdis/jiw465

Holman, A. G., Davis, P. J., Foster, J. M., Carlow, C. K., and Kumar, S.
(2009). Computational prediction of essential genes in an unculturable
endosymbiotic bacterium, Wolbachia of Brugia malayi. BMC Microbiol. 9:243.
doi: 10.1186/1471-2180-9-243

Huang, N., Kolhatkar, R., Eyobo, Y., Sorci, L., Rodionova, I., Osterman, A., et al.
(2010). Complexes of bacterial nicotinate mononucleotide adenylyltransferase
with inhibitors: implication for structure-based drug design and improvement.
J. Med. Chem. 53, 5229-5239. doi: 10.1021/jm100377f

(2008). Synthesis, structure,
of
43,

dicoumarol
2541-2548.

Hung, R., Chien, H., Lin, R, Lin, C, Vatsyayan, ], Peng, H. et al
(2007). Comparative analysis of two UDP-glucose dehydrogenases
in Pseudomonas aeruginosa PAOL. J. Biol. Chem. 282, 17738-17748.
doi: 10.1074/jbc.M701824200

Irwin, J. J., Sterling, T., Mysinger, M. M., Bolstad, E. S., and Coleman, R. G. (2012).
ZINC: a free tool to discover chemistry for biology. J. Chem. Inf. Model. 52,
1757-1768. doi: 10.1021/¢i3001277

Jamal, S., Hassan, S., Tiwari, S., Viana, M., Benevides, L., and Ullah, A. (2017).
An integrative in-silico approach for therapeutic target identification in
the human pathogen Corynebacterium diphtheriae. PLoS ONE 12:e0186401.
doi: 10.1371/journal.pone.0186401

Jia, B., Raphenya, A. R, Alcock, B., Waglechner, N., Guo, P., Tsang, K. K,,
et al. (2017). CARD 2017: expansion and model-centric curation of the
comprehensive antibiotic resistance database. Nucleic Acids Res. 45, D566
D573. doi: 10.1093/nar/gkw1004

Joo, S. H. (2015). Lipid A as a drug target and therapeutic molecule. Biomol. Ther.
23, 510-516. doi: 10.4062/biomolther.2015.117

Kalinin, D. V., and Holl, R. (2017). LpxC inhibitors: a patent review (2010-2016).
Expert Opin. Ther. Pat. 27, 1227-1250. doi: 10.1080/13543776.2017.1360282

Kim, H. U., Kim, T., and Lee, Y. S. (2010). Genome-scale metabolic network
analysis and drug targeting of multi-drug resistant pathogen Acinetobacter
baumannii AYE. Mol. Biosyst. 6, 339-348. doi: 10.1039/B916446D

Kumar, A., Thotakura, P. L., Tiwary, B. K., and Krishna, R. (2016). Target
identification in Fusobacterium nucleatum by subtractive genomics approach
and enrichment analysis of host-pathogen protein-protein interactions. BMC
Microbiol. 16, 1-12. doi: 10.1186/s12866-016-0700-0

Kumar, V., Sun, P., Vamathevan, J., Li, Y., Ingraham, K., Palmer, L., et al.
(2011). Comparative genomics of Klebsiella pneumoniae strains with different
antibiotic resistance profiles. Antimicrob. Agents Chemother. 55, 4267-4276.
doi: 10.1128/AAC.00052-11

Kuo, C. ], Chen, J. W., Chiu, H. C, Teng, C. H,, Hsu, T. I, Lu, P. ], et al. (2016).
Mutation of the enterohemorrhagic Escherichia coli core LPS biosynthesis
enzyme RfaD confers hypersusceptibility to host intestinal innate immunity
in vivo. Front. Cell. Infect. Microbiol. 6, 1-14. doi: 10.3389/fcimb.2016.
00082

Lai, Y. C,, Peng, H. L., and Chang, H. Y. (2001). Identification of genes induced
in vivo during Klebsiella pneumoniae CG43 infection. Infect. Immun. 69,
7140-7145. doi: 10.1128/1AL.69.11.7140-7145.2001

Larocque, M., Chénard, T., and Najmanovich, R. (2014). A curated C. difficile strain
630 metabolic network: prediction of essential targets and inhibitors. BMC Syst
Biol. 8:117. doi: 10.1186/s12918-014-0117-z

Le Calvez, P. B., Scott, C. J., and Migaud, M. E. (2009). Multisubstrate adduct
inhibitors: drug design and biological tools. J. Enzyme Inhib. Med. Chem. 24,
1291-1318. doi: 10.3109/14756360902843809

Lee, C. J.,, Liang, X., Chen, X, Zeng, D., Joo, S. H. Chung, H. S,
et al. (2011). Species-specific and inhibitor-dependent conformations
of LpxC: implications for antibiotic design. Chem. Biol. 18, 38-47.
doi: 10.1016/j.chembiol.2010.11.011

Leonardi, R., and Jackowski, S. (2007). Biosynthesis of pantothenic acid and
coenzyme A. EcoSal Plus 2, 1-17. doi: 10.1128/ecosal.3.6.3.4

Li, B., Zhao, Y., Liu, C., Chen, Z., and Zhou, D. (2014). Molecular pathogenesis
of Klebsiella pneumoniae. Future Microbiol. 9, 1071-1081. doi: 10.2217/fmb.
14.48

Liao, Y., Huang, T., Chen, F., Charusanti, P., Hong, J. S. J., Chang, H., et al.
(2011). An experimentally validated genome-scale metabolic reconstruction
of Klebsiella pneumoniae MGH 78578, iYL1228. J. Bacteriol. 193, 1710-1717.
doi: 10.1128/JB.01218-10

Llobet, E., Martinez-Moliner, V., Moranta, D., Dahlstrom, K. M., Regueiro,
V., Tomads, A., et al. (2015). Deciphering tissue-induced Klebsiella
pneumoniae lipid A structure. Proc. Natl. Acad. Sci. U.S.A. 112, E6369-E6378.
doi: 10.1073/pnas.1508820112

Lopez-Campistrous, A., Semchuk, P., Burke, L., Palmer-Stone, T., Brokx, S. J.,
Broderick, G., et al. (2005). Localization, annotation, and comparison of
the Escherichia coli K-12 proteome under two states of growth. Mol. Cell.
Proteomics 4, 1205-1209. doi: 10.1074/mcp.D500006-MCP200

Lopez-Ibanez, J., Pazos, F., and Chagoyen, M. (2016). MBROLE 2. 0 —
functional enrichment of chemical. Nucleic Acids Res. 44, W201-W204.
doi: 10.1093/nar/gkw253

Frontiers in Cellular and Infection Microbiology | www.frontiersin.org

16

January 2020 | Volume 9 | Article 447


https://doi.org/10.3389/fimmu.2013.00078
https://doi.org/10.1016/j.imbio.2016.06.014
https://doi.org/10.1016/S0968-0896(99)00233-3
https://doi.org/10.3389/978-2-88919-821-4
https://doi.org/10.1046/j.1462-2920.2002.00282.x
https://doi.org/10.1007/BF01880516
https://doi.org/10.1186/1471-2334-14-534
https://doi.org/10.1021/acs.biochem.8b00748
https://doi.org/10.1016/j.gene.2018.05.058
https://doi.org/10.1128/JB.184.16.4555-4572.2002
https://doi.org/10.1016/j.carres.2004.11.019
https://doi.org/10.1128/AAC.01310-13
https://doi.org/10.1039/C4MB00300D
https://doi.org/10.1016/j.ejmech.2008.03.038
https://doi.org/10.1016/j.bmcl.2011.12.025
https://doi.org/10.1093/infdis/jiw465
https://doi.org/10.1186/1471-2180-9-243
https://doi.org/10.1021/jm100377f
https://doi.org/10.1074/jbc.M701824200
https://doi.org/10.1021/ci3001277
https://doi.org/10.1371/journal.pone.0186401
https://doi.org/10.1093/nar/gkw1004
https://doi.org/10.4062/biomolther.2015.117
https://doi.org/10.1080/13543776.2017.1360282
https://doi.org/10.1039/B916446D
https://doi.org/10.1186/s12866-016-0700-0
https://doi.org/10.1128/AAC.00052-11
https://doi.org/10.3389/fcimb.2016.00082
https://doi.org/10.1128/IAI.69.11.7140-7145.2001
https://doi.org/10.1186/s12918-014-0117-z
https://doi.org/10.3109/14756360902843809
https://doi.org/10.1016/j.chembiol.2010.11.011
https://doi.org/10.1128/ecosal.3.6.3.4
https://doi.org/10.2217/fmb.14.48
https://doi.org/10.1128/JB.01218-10
https://doi.org/10.1073/pnas.1508820112
https://doi.org/10.1074/mcp.D500006-MCP200
https://doi.org/10.1093/nar/gkw253
https://www.frontiersin.org/journals/cellular-and-infection-microbiology
https://www.frontiersin.org
https://www.frontiersin.org/journals/cellular-and-infection-microbiology#articles

Cesur et al.

Systems-Level Drug Target Identification for K. pneumoniae

Ludin, P., Woodcroft, B, Ralph, S. A., and Miser, P. (2012). In silico prediction
of antimalarial drug target candidates. Int. J. Parasitol. Drugs Drug Resist. 2,
191-199. doi: 10.1016/j.ijpddr.2012.07.002

Mainprize, I. L., Bean, J. D., Bouwman, C., Kimber, M. S., and Whitfield,
C. (2013). The UDP-glucose dehydrogenase of Escherichia coli K-12
displays substrate inhibition by NAD that is relieved by nucleotide
triphosphates. J. Biol. Chem. 288, 23064-23074. doi: 10.1074/jbc.M113.
486613

Maldonado, R. F. S. A, Correia, I, and Valvano, M. A. (2016). Lipopolysaccharide
modification in gram-negative bacteria during chronic infection. FEMS
Microbiol. Rev. 40, 480-493. doi: 10.1093/femsre/fuw007

Mesleh, M. F., Rajaratnam, P., Conrad, M., Chandrasekaran, V., Liu, C. M., Pandya,
B. A, et al. (2016). Targeting bacterial cell wall peptidoglycan synthesis by
inhibition of glycosyltransferase activity. Chem. Biol. Drug Des. 87, 190-199.
doi: 10.1111/cbdd.12662

Mistry, T. L., Truong, L., Ghosh, A. K., Johnson, M. E., and Mehboob, S.
(2017). Benzimidazole-based Fabl inhibitors: a promising novel scaffold
for anti-staphylococcal drug development. ACS Infect Dis. 3, 54-61.
doi: 10.1021/acsinfecdis.6b00123

Mondal, S. 1., Ferdous, S., Jewel, N. A., Akter, A., Mahmud, Z., Islam, M. M., et al.
(2015). Identifcation of potential drug targets by subtractive genome analysis of
Escherichia coli O157:H7: an in silico approach. Adv. Appl. Bioinforma. Chem.
8,49-63. doi: 10.2147/AABC.S88522

Munita, J. M., and Arias, C. A. (2016). Mechanisms of antibiotic resistance.
Microbiol Spectr. 4, 1-24. doi: 10.1128/microbiolspec. VMBEF-0016-2015

Navon-Venezia, S., Kondratyeva, K., and Carattoli, A. (2017). Klebsiella
pneumoniae: a major worldwide source and shuttle for antibiotic resistance.
FEMS Microbiol. Rev. 41, 252-275. doi: 10.1093/femsre/fux013

Norsigian, C. J., Attia, H., Szubin, R, Yassin, A. S., Palsson, B. @., Aziz,
R. K, et al. (2019). Comparative genome-scale metabolic modeling of
metallo-beta-lactamase-producing multidrug-resistant Klebsiella pneumoniae
clinical isolates. Front. Cell. Infect. Microbiol. 9:161. doi: 10.3389/fcimb.2019.
00161

Oberhardt, M. A., Goldberg, J. B., Hogardt, M., and Papin, J. A. (2010). Metabolic
network analysis of Pseudomonas aeruginosa during chronic cystic fibrosis lung
infection. J. Bacteriol. 192, 5534-5548. doi: 10.1128/JB.00900-10

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

Orth, J. D., Thiele, I, and Palsson, B. @. (2010). What is flux balance analysis? Nat.
Biotechnol. 28, 245-248. doi: 10.1038/nbt.1614

Paczosa, M. K., and Mecsas, J. (2016). Klebsiella pneumoniae: going on the
offense with a strong defense. Microbiol. Mol. Biol. Rev. 80, 629-661.
doi: 10.1128/ MMBR.00078-15

Perumal, D., Lim, C. S., and Sakharkar, M. K. (2007). “In silico identification
of putative drug targets in Pseudomonas aeruginosa through metabolic
pathway analysis,” in Pattern Recognition in Bioinformatics, eds J. C.
Rajapakse, B. Schmidt, and G. Volkert (Berlin; Heidelberg: Springer), 323-336.
doi: 10.1007/978-3-540-75286-8_31

Perumal, D., Sakharkar, K. R., Tang, T. H., Chow, V. T. K, Lim, C. S., Samal,
A, et al. (2010). Cloning and targeted disruption of two lipopolysaccharide
biosynthesis genes, kdsA and waaG, of Pseudomonas aeruginosa PAOIL
by site-directed mutagenesis. J. Mol. Microbiol. Biotechnol. 19, 169-179.
doi: 10.1159/000322157

Perumal, D., Samal, A., Sakharkar, K. R., and Sakharkar, M. K. (2011). Targeting
multiple targets in Pseudomonas aeruginosa PAO1 using flux balance analysis
of a reconstructed genome-scale metabolic network. J. Drug Target. 19, 1-13.
doi: 10.3109/10611861003649753

Pettersen, E. F., Goddard, T. D., Huang, C. C.,, Couch, G. S., Greenblatt, D.
M., Meng, E. C, et al. (2004). UCSF Chimera - a visualization system
for exploratory research and analysis. J. Comput. Chem. 25, 1605-1612.
doi: 10.1002/jcc.20084

Plata, G., Hsiao, T., Olszewski, K. L., Llina, M. and Vitkup, D.
(2010). Reconstruction and flux-balance analysis of the Plasmodium
falciparum metabolic network. Mol. Syst. Biol. 6:408. doi: 10.1038/msb.
2010.60

Pratap, S., Kesari, P., Yadav, R., Dev, A., Narwal, M., and Kumar, P. (2017).
Acyl chain preference and inhibitor identification of Moraxella catarrhalis

LpxA: insight through crystal structure and computational studies. Int. J. Biol.
Macromol. 96, 759-765. doi: 10.1016/j.ijbiomac.2017.01.005

Pratapa, A., Balachandran, S., and Raman, K. (2015). Fast-SL: an efficient algorithm
to identify synthetic lethal sets in metabolic networks. Bioinformatics 31,
3299-3305. doi: 10.1093/bioinformatics/btv352

Presta, L., Bosi, E., Mansouri, L., Dijkshoorn, L., Fani, R, and Fondi,
M. (2017). Constraint-based modeling identifies new putative targets
to fight colistin-resistant A. baumannii infections. Sci. Rep. 7:3706.
doi: 10.1038/s41598-017-03416-2

Pruitt, K. D., Tatusova, T., and Maglott, D. R. (2007). NCBI reference sequences
(RefSeq): a curated non-redundant sequence database of genomes, transcripts
and proteins. Nucleic Acids Res. 35, 61-65. doi: 10.1093/nar/gkl842

Radaev, S., Dastidar, P., Patel, M., Woodard, R. W., and Gatti, D. L. (2000).
Structure and mechanism of 3-Deoxy-D-manno-octulosonate 8-phosphate
synthase. J. Biol. Chem. 275, 9476-9484. doi: 10.1074/jbc.275.13.9476

Raetz, C. R. H., and Roderick, S. L. (1995). A left-handed parallel beta helix in the
structure of UDP-N-acetylglucosamine acyltransferase. Science. 270, 997-1000.
doi: 10.1126/science.270.5238.997

Raman, K., Yeturu, K., and Chandra, N. (2008). targetTB: a target identification
pipeline Mycobacterium through interactome,
reactome and genome-scale structural analysis. BMC Syst. Biol. 2:109.
doi: 10.1186/1752-0509-2-109

Ramos, P. I. P, Custédio, M. G. F., Quispe Saji, G. del R, Cardoso, T,
da Silva, G. L. et al. (2016). The polymyxin B-induced transcriptomic
response of a clinical, multidrug-resistant Klebsiella pneumoniae involves
multiple regulatory elements and intracellular targets. BMC Genomics 17:737.
doi: 10.1186/512864-016-3070-y

Ramos, P. I P, Fernindez Do Porto, D. Lanzarotti, E., Sosa, E. ],
Burguener, G. et al. (2018). An integrative, multi-omics approach towards
the prioritization of Klebsiella pneumoniae drug targets. Sci. Rep. 8, 1-19.
doi: 10.1038/s41598-018-28916-7

Ramos, P. I. P., Picdo, R. C,, Vespero, E. C., Pelisson, M., Zuleta, L. F. G,,
Almeida, L. G. P,, et al. (2012). Pyrosequencing-based analysis reveals a novel
capsular gene cluster in a KPC-producing Klebsiella pneumoniae clinical isolate
identified in Brazil. BMC Microbiol. 12:173. doi: 10.1186/1471-2180-12-173

Rath, S. N., Ray, M., Pattnaik, A., and Pradhan, S. K. (2016). Drug target
identification and elucidation of natural inhibitors for Bordetella petrii: an in
silico study. Genomics Inform. 14, 241-254. doi: 10.5808/G1.2016.14.4.241

Regué, M., Izquierdo, L., Fresno, S., Piqué, N., Corsaro, M. M,
Naldi, T, et al. (2005). A second outer-core region in Klebsiella
pneumoniae  lipopolysaccharide. ~ J.  Bacteriol. ~ 187,  4198-4206.
doi: 10.1128/JB.187.12.4198-4206.2005

Robins, L., Williams, A., and Raetz, C. (2009). Structural basis for the
sugar nucleotide and acyl chain selectivity of leptospira interrogans LpxA.
Biochemistry 48, 6191-6201. doi: 10.1021/bi900629¢

Rodionova, I. A., Schuster, B. M., Guinn, K. M., Sorci, L., Scott, D. A., Li, X,, et al.
(2014). Metabolic and bactericidal effects of targeted suppression of NadD and
NadE enzymes in mycobacteria. MBio 5, 1-9. doi: 10.1128/mBi0.00747-13

Saeed-kothe, A., Yang, W., and Mills, S. D. (2004). Use of the riboflavin synthase
gene (ribC) as a model for development of an essential gene disruption and
complementation system for Haemophilus influenzae. Appl. Env. Microbiol. 70,
4136-4143. doi: 10.1128/AEM.70.7.4136-4143.2004

Samal, A., and Martin, O. C. (2011). Randomizing genome-scale metabolic
networks. PLoS ONE 6:22295. doi: 10.1371/journal.pone.0022295

Santajit, S., and Indrawattana, N. (2016). Mechanisms of antimicrobial
resistance in ESKAPE pathogens. Biomed Res. Int. 2016:2475067.
doi: 10.1155/2016/2475067

Shende, G., Haldankar, H., Barai, R. S., Bharmal, M. H., Shetty, V., Idicula-
Thomas, S., (2017). PBIT: pipeline builder for identification
of drug targets for infectious diseases. Bioinformatics 33, 929-931.
doi: 10.1093/bioinformatics/btw760

Shu, H. Y, Fung, C. P, Liu, Y. M, Wu, K. M, Chen, Y. T, Li, L
H., et al. (2009). Genetic diversity of capsular polysaccharide biosynthesis
in Klebsiella pneumoniae clinical isolates. Microbiology 155, 4170-4183.
doi: 10.1099/mic.0.029017-0

Siddiqui, Z. N., N, M. M. T., Ahmad, A., and Khan, A. U. (2011). Synthesis of
4-hydroxycoumarin heteroarylhybrids as potential antimicrobial agents. Arch.
Pharm. 344, 394-401. doi: 10.1002/ardp.201000218

for tuberculosis an

et al

Frontiers in Cellular and Infection Microbiology | www.frontiersin.org

17

January 2020 | Volume 9 | Article 447


https://doi.org/10.1016/j.ijpddr.2012.07.002
https://doi.org/10.1074/jbc.M113.486613
https://doi.org/10.1093/femsre/fuw007
https://doi.org/10.1111/cbdd.12662
https://doi.org/10.1021/acsinfecdis.6b00123
https://doi.org/10.2147/AABC.S88522
https://doi.org/10.1128/microbiolspec.VMBF-0016-2015
https://doi.org/10.1093/femsre/fux013
https://doi.org/10.3389/fcimb.2019.00161
https://doi.org/10.1128/JB.00900-10
https://doi.org/10.1038/msb.2011.65
https://doi.org/10.1038/nbt.1614
https://doi.org/10.1128/MMBR.00078-15
https://doi.org/10.1007/978-3-540-75286-8_31
https://doi.org/10.1159/000322157
https://doi.org/10.3109/10611861003649753
https://doi.org/10.1002/jcc.20084
https://doi.org/10.1038/msb.2010.60
https://doi.org/10.1016/j.ijbiomac.2017.01.005
https://doi.org/10.1093/bioinformatics/btv352
https://doi.org/10.1038/s41598-017-03416-2
https://doi.org/10.1093/nar/gkl842
https://doi.org/10.1074/jbc.275.13.9476
https://doi.org/10.1126/science.270.5238.997
https://doi.org/10.1186/1752-0509-2-109
https://doi.org/10.1186/s12864-016-3070-y
https://doi.org/10.1038/s41598-018-28916-7
https://doi.org/10.1186/1471-2180-12-173
https://doi.org/10.5808/GI.2016.14.4.241
https://doi.org/10.1128/JB.187.12.4198-4206.2005
https://doi.org/10.1021/bi900629e
https://doi.org/10.1128/mBio.00747-13
https://doi.org/10.1128/AEM.70.7.4136-4143.2004
https://doi.org/10.1371/journal.pone.0022295
https://doi.org/10.1155/2016/2475067
https://doi.org/10.1093/bioinformatics/btw760
https://doi.org/10.1099/mic.0.029017-0
https://doi.org/10.1002/ardp.201000218
https://www.frontiersin.org/journals/cellular-and-infection-microbiology
https://www.frontiersin.org
https://www.frontiersin.org/journals/cellular-and-infection-microbiology#articles

Cesur et al.

Systems-Level Drug Target Identification for K. pneumoniae

Singh, L. R, Avula, S. R, Raj, S., Srivastava, A., Palnati, G. R., Tripathi,
C. K. M, et al. (2017). Coumarin - benzimidazole hybrids as a potent
antimicrobial agent: synthesis and biological elevation. J. Antibiot. 70, 954-961.
doi: 10.1038/ja.2017.70

Smyth, K. M., and Marchant, A. (2013). Conservation of the 2-keto-3-
deoxymanno-octulosonic acid (Kdo) biosynthesis pathway between plants and
bacteria. Carbohydr. Res. 380, 70-75. doi: 10.1016/j.carres.2013.07.006

Sorci, L., Pan, Y., Eyobo, Y., Rodionova, 1., Huang, N., Kurnasov, O., et al.
(2009). Targeting NAD biosynthesis in bacterial pathogens: structure-based
development of inhibitors of nicotinate mononucleotide adenylyltransferase
NadD. Chem. Biol. 16, 849-861. doi: 10.1016/j.chembiol.2009.07.006

Spry, C., Kirk, K, and Saliba, K. J. (2008). Coenzyme A biosynthesis:
an antimicrobial drug target. FEMS Microbiol. Rev. 32, 56-106.
doi: 10.1111/j.1574-6976.2007.00093.x

Strohmaier, H., Remler, P., Renner, W., and Hogenauer, G. (1995). Expression
of genes kdsA and kdsB involved in 3-deoxy-D-manno-octulosonic acid
metabolism and biosynthesis of enterobacterial lipopolysaccharide is growth
phase regulated primarily at the transcriptional level in Escherichia coli K-12. J.
Bacteriol. 177, 4488-4500. doi: 10.1128/jb.177.15.4488-4500.1995

Sun, W., Weingarten, R. A., Xu, M., Southall, N., Dai, S., Shinn, P., et al. (2016).
Rapid antimicrobial susceptibility test for identification of new therapeutics
and drug combinations against multidrug-resistant bacteria. Emerg. Microbes
Infect. 5:¢116. doi: 10.1038/emi.2016.123

Tan, N., Yazici-tiitiini, S., Bilgin, M., Tan, E., and Miski, M. (2017). Antibacterial
activities of pyrenylated coumarins from the roots of Prangos hulusii. Molecules
22:E1098. doi: 10.3390/molecules22071098

Taneja, N., and Kaur, H. (2016). Insights into newer antimicrobial agents against
gram-negative bacteria. Microbiol. Insights 9, 9-19. doi: 10.4137/MBI.S29459

Taylor, P. L., Blakely, K. M., De Leon, G. P, Walker, J. R, McArthur, F,
Evdokimova, E., et al. (2008). Structure and function of sedoheptulose-7-
phosphate isomerase, a critical enzyme for lipopolysaccharide biosynthesis
and a target for antibiotic adjuvants. J. Biol. Chem. 283, 2835-2845.
doi: 10.1074/jbc.M706163200

Thiele, I., Swainston, N., Fleming, R., Hoppe, A., Sahoo, S., Aurich, M., et al.
(2013). A community-driven global reconstruction of human metabolism. Nat.
Biotechnol. 31, 419-425. doi: 10.1038/nbt.2488

Thompson, J., Gibson, T. and Higgins, D. (2003). “Multiple sequence
alignment using ClustalW and ClustalX,” in Curr. Protoc. Bioinf. 2:2-3.
doi: 10.1002/0471250953.bi0203s00

Thornley, M., and Horne, R. (1962). Electron microscope observations on
the structure of fimbriae, with particular reference to Klebsiella strains, by
the use of the negative staining technique. J. Gen. Microbiol. 28, 51-56.
doi: 10.1099/00221287-28-1-51

Trevor, F. J., and Snow, G. A. (2005). Biochemistry and Molecular Biology of
Antimicrobial Drug Action. Boston, MA: Springer.

Trott, O., and Olson, A. J. (2010). AutoDock Vina: improving the speed and
accuracy of docking with a new scoring function, efficient optimization
and multithreading. J. Comput. Chem. 31, 455-461. doi: 10.1002/jcc.
21334

Trupp, M., Altman, T., Fulcher, C. A., Caspi, R., Krummenacker, M., Paley, S.,
etal. (2010). Beyond the genome (BTG) is a (PGDB) pathway genome database:
HumanCyc. Genome Biol. 11:012. doi: 10.1186/gb-2010-11-s1-012

Turner, K. H., Wessel, A. K., Palmer, G. C., Murray, J. L., and Whiteley, M. (2015).
Essential genome of Pseudomonas aeruginosa in cystic fibrosis sputum. Proc.
Natl. Acad. Sci. U.S.A. 112, 4110-4115. doi: 10.1073/pnas.1419677112

Uddin, R., Saeed, K., Khan, W., Azam, S, and Wadood, A. (2015).
Metabolic pathway analysis approach: identification of novel therapeutic
target against methicillin resistant Staphylococcus aureus. Gene 556, 213-226.
doi: 10.1016/j.gene.2014.11.056

Umamaheswari, A., Pradhan, D., and Hemanthkumar, M. (2010). Identification
of potential leptospira phosphoheptose isomerase inhibitors through virtual
high-throughput screening. Genomics Proteomics Bioinformatics 8, 246-255.
doi: 10.1016/S1672-0229(10)60026-5

Varma, A., and Palsson, B. @. (1994). Metabolic flux balancing: basic
concepts, scientific and practical use. Nat. Biotechnol. 12, 994-998.
doi: 10.1038/nbt1094-994

Vollmer, W., and Bertsche, U. (2008). Murein (peptidoglycan) structure,
architecture and biosynthesis in Escherichia coli. Biochim. Biophys. Acta 1778,
1714-1734. doi: 10.1016/j.bbamem.2007.06.007

Vollmer, W., and Holtje, J. V. (2000). A simple screen for murein
transglycosylase inhibitors. Antimicrob. Agents Chemother. 44, 1181-1185.
doi: 10.1128/AAC.44.5.1181-1185.2000

Wallace, A. C., Laskowski, R. A., and Thornton, J. M. (1995). LIGPLOT: a
program to generate schematic diagrams of protein-ligand interactions clean
up structure. Protein Eng. 8, 127-134. doi: 10.1093/protein/8.2.127

Wang, X., Ahn, Y. M., Lentscher, A. G., Lister, J. S., Brothers, R. C., Kneen,
M. M., et al. (2017). Design, synthesis, and evaluation of substituted
nicotinamide adenine dinucleotide (NAD+) synthetase inhibitors as
potential antitubercular agents. Bioorganic Med. Chem. Lett. 27, 4426-4430.
doi: 10.1016/j.bmcl.2017.08.012

Wierzbicki, I. H., Zielke, R. A., Korotkov, K. V., and Sikora, A. E. (2017). Functional
and structural studies on the Neisseria gonorrhoeae GmhA, the first enzyme in
the glycero-manno-heptose biosynthesis pathways, demonstrate a critical role
in lipooligosaccharide synthesis and gonococcal viability. Microbiologyopen
6:e432. doi: 10.1002/mbo3.432

Williams, A. H., and Raetz, C. R. H. (2007). Structural basis for the acyl chain
selectivity and mechanism of UDP-N-acetylglucosamine acyltransferase. Proc.
Natl. Acad. Sci. U.S.A. 104, 13543-13550. doi: 10.1073/pnas.0705833104

Wishart, D. S., Knox, C., Guo, A. C., Cheng, D., Shrivastava, S., Tzur, D., et al.
(2008). DrugBank: a knowledgebase for drugs, drug actions and drug targets.
Nucleic Acids Res. 36, D901-D906. doi: 10.1093/nar/gkm958

Wu, C., Apweiler, R., Bairoch, A., Natale, D., Barker, W., Boeckmann, B.,
et al. (2006). The Universal Protein Resource (UniProt): an expanding
universe of protein information Cathy. Nucleic Acids Res. 34, D187-D191.
doi: 10.1093/nar/gkj161

Wu, J., Mao, X., Cai, T., Luo, J., and Wei, L. (2006). KOBAS server: a web-based
platform for automated annotation and pathway identification. Nucleic Acids
Res. 34, W720-W724. doi: 10.1093/nar/gkl167

Xavier, J. C., Patil, K. R, and Rocha, I. (2017). Integration of biomass
formulations of genome-scale metabolic models with experimental data reveals
universally essential cofactors in prokaryotes. Metab. Eng. 39, 200-208.
doi: 10.1016/j.ymben.2016.12.002

Xiao, X., Wu, Z. C., and Chou, K. C. (2011). A multi-label classifier for predicting
the subcellular localization of gram-negative bacterial proteins with both single
and multiple sites. PLoS ONE 6:€20592. doi: 10.1371/journal.pone.0020592

Xu, X. J, Wang, J, Grison, C, Petek, S., Coutrot, P., Birck, M. R,
et al. (2003). Structure-based design of novel inhibitors of 3-deoxy-D-
manno-octulosonate 8-phosphate synthase. Drug Des. Discov. 18, 91-99.
doi: 10.3109/10559610290271787

Yao, J., and Rock, C. O. (2016). Resistance mechanisms and the future of bacterial
enoyl-acyl carrier protein reductase (Fabl) antibiotics. Cold Spring Harb.
Perspect. Med. 6, 1-11. doi: 10.1101/cshperspect.a027045

Yu, C.-S., Cheng, C.-W., Su, W.-C,, Chang, K.-C., Huang, S.-W., Hwang, J.-K,,
et al. (2014). CELLO2GO: a web server for protein subCELlular LOcalization
Prediction with functional gene ontology annotation. PLoS ONE 9:€99368.
doi: 10.1371/journal.pone.0099368

Yu, N. Y, Wagner, J. R, Laird, M. R, Melli, G, Rey, S, Lo, R, et al
(2010). PSORTD 3.0: Improved protein subcellular localization prediction with
refined localization subcategories and predictive capabilities for all prokaryotes.
Bioinformatics 26, 1608-1615. doi: 10.1093/bioinformatics/btq249

Conflict of Interest: 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 © 2020 Cesur, Siraj, Uddin, Durmus and Cakir. 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(s) 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.

Frontiers in Cellular and Infection Microbiology | www.frontiersin.org

18

January 2020 | Volume 9 | Article 447


https://doi.org/10.1038/ja.2017.70
https://doi.org/10.1016/j.carres.2013.07.006
https://doi.org/10.1016/j.chembiol.2009.07.006
https://doi.org/10.1111/j.1574-6976.2007.00093.x
https://doi.org/10.1128/jb.177.15.4488-4500.1995
https://doi.org/10.1038/emi.2016.123
https://doi.org/10.3390/molecules22071098
https://doi.org/10.4137/MBI.S29459
https://doi.org/10.1074/jbc.M706163200
https://doi.org/10.1038/nbt.2488
https://doi.org/10.1002/0471250953.bi0203s00
https://doi.org/10.1099/00221287-28-1-51
https://doi.org/10.1002/jcc.21334
https://doi.org/10.1186/gb-2010-11-s1-o12
https://doi.org/10.1073/pnas.1419677112
https://doi.org/10.1016/j.gene.2014.11.056
https://doi.org/10.1016/S1672-0229(10)60026-5
https://doi.org/10.1038/nbt1094-994
https://doi.org/10.1016/j.bbamem.2007.06.007
https://doi.org/10.1128/AAC.44.5.1181-1185.2000
https://doi.org/10.1093/protein/8.2.127
https://doi.org/10.1016/j.bmcl.2017.08.012
https://doi.org/10.1002/mbo3.432
https://doi.org/10.1073/pnas.0705833104
https://doi.org/10.1093/nar/gkm958
https://doi.org/10.1093/nar/gkj161
https://doi.org/10.1093/nar/gkl167
https://doi.org/10.1016/j.ymben.2016.12.002
https://doi.org/10.1371/journal.pone.0020592
https://doi.org/10.3109/10559610290271787
https://doi.org/10.1101/cshperspect.a027045
https://doi.org/10.1371/journal.pone.0099368
https://doi.org/10.1093/bioinformatics/btq249
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://www.frontiersin.org/journals/cellular-and-infection-microbiology
https://www.frontiersin.org
https://www.frontiersin.org/journals/cellular-and-infection-microbiology#articles

	Network-Based Metabolism-Centered Screening of Potential Drug Targets in Klebsiella pneumoniae at Genome Scale
	Introduction
	Materials and Methods
	Metabolic Network Model
	Biomass Reaction
	Simulation Constraints
	Gene-Centric Identification of Drug Targets
	Prioritization of Putative Drug Targets
	Subcellular Localization Prediction
	Determination of Druggable Proteins
	Antibiotic Resistance Screening
	Identification of Potential Virulence Factors
	Broad-Spectrum Analysis

	Structure-Based Inhibitor Discovery
	Metabolite-Centric Identification of Drug Targets

	Results and Discussion
	Gene-Centric Approach
	Identification of Potential Drug Targets
	Prioritization of Potential Drug Targets
	Analysis of the Prioritized Drug Targets

	Identification of Potential Drugs for KdsA
	Metabolite-Centric Approach

	Conclusion
	Data Availability Statement
	Author Contributions
	Funding
	Supplementary Material
	References


