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ArtiC{e history: Lipopolysaccharide (LPS), a main component of the outer membrane of Gram-negative bacteria, has cru-
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Available online 29 October 2022 immunostimulatory ability of LPS. Molecular dynamics (MD) simulations have become an invaluable tool

for uncovering important findings in LPS research. While the reach of MD simulations for investigating
the immunostimulatory ability of LPS has been already outlined, little attention has been paid to the role
of MD simulations for exploring its barrier function and synthesis. Herein, we give an overview about the
Antibiotic resistance impact of MD simulations on gaining insight into the shield role and synthesis pathway of LPS, which
Molecular dynamics (MD) have attracted considerable attention to discover molecules able to surmount antibiotic resistance, either
Enhanced sampling circumventing LPS defenses or disrupting its synthesis. We specifically focus on the enhanced sampling
Free energy calculation and free energy calculation methods that have been combined with MD simulations to address such
Special-purpose MD supercomputers research. We also highlight the use of special-purpose MD supercomputers, the importance of appropri-
ate LPS and ions parameterization to obtain reliable results, and the complementary views that MD and
wet-lab experiments provide. Thereby, this work, which covers the last five years of research, apart from
outlining the phenomena and strategies that are being explored, evidences the valuable insights that are
gained by MD, which may be useful to advance antibiotic design, and what the prospects of this in silico

method could be in LPS research.
© 2022 The Author(s). Published by Elsevier B.V. on behalf of Research Network of Computational and
Structural Biotechnology. This is an open access article under the CC BY-NC-ND license (http://creative-
commons.org/licenses/by-nc-nd/4.0/).

Keywords:
Lipopolysaccharide (LPS)

Contents

B PR (' 1 o Ta 11 o o) + PPt 5887
2. MD methods in LPS 1eS@arCh. . . . ..o\ it ettt et e e e e e e e e e 5888
2.1, LIPS barmier fUNCHION. . . .. ottt e et ettt e e e e e e e e e 5889

2.2, LPS synthesis and tranSPOTT . . . ..o v vttt ittt e et et et e et e e et e e e e e e e e e e e e e e e 5894

3. Force fields in LPS 1@S@aCh . . . . .ottt ettt e e e e e e e e e e e e e e e e 5896
4. How are MD simulations and wet-lab experiments combined in LPS research?. .. ....... ... ittt 5897
5. Summary and OULIOOK . . .. ..o e e e e e e e e 5897
CRediT authorship contribution StatemMENt . . . ... .. .ttt et et et et e ettt et et et et et ettt et et 5898
Declaration of COmMPeting INTEIESE . . . . ..ttt ettt ettt e e e et e ettt et et et e e e e et et et et ettt e 5898
ACKNOWIEA@EMENLS . . . . .ottt ettt ettt e e et et e e e e e e e e e e e e e e 5898

2] (=) (=) (o 5898

* Corresponding author.
E-mail address: ortizi@unican.es (1. Ortiz).

https://doi.org/10.1016/j.csbj.2022.10.039
2001-0370/© 2022 The Author(s). Published by Elsevier B.V. on behalf of Research Network of Computational and Structural Biotechnology.
This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).


http://crossmark.crossref.org/dialog/?doi=10.1016/j.csbj.2022.10.039&domain=pdf
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/
https://doi.org/10.1016/j.csbj.2022.10.039
http://creativecommons.org/licenses/by-nc-nd/4.0/
mailto:ortizi@unican.es
https://doi.org/10.1016/j.csbj.2022.10.039
http://www.elsevier.com/locate/csbj

Gonzdlez-Ferndndez, E. Bringas, C. Oostenbrink et al.

Computational and Structural Biotechnology Journal 20 (2022) 5886-5901

Nomenclature

List of abbreviations and acronyms
A. baumannii Acinetobacter baumannii
A. ferrooxidans Acidithiobacillus ferrooxidans

AA All-atom

ABF Adaptive biasing force
ADP Adenosine diphosphate
AMP Antimicrobial peptide

C. crescentus Caulobacter crescentus

CDL Cardiolipin

CL 1,1’-palmitoyl-2,2’-vacenoyl

GAFF General AMBER force field

CG Coarse-grained

CGenFF  CHARMM general force field

DDM n-Dodecyl-B-p-Maltopyranoside

DMPC 1,2-dimyristoyl-sn-glycero-3-phosphocholine

DOPE 1,2-dioleoyl-sn-glycero-3-phosphoethanolamine

DOPG 1,2-dioleoyl-sn-glycero-3-phospho-rac-(1-glycerol)

DPPC Dipalmitoyl-phosphocholine

DPPE Dipalmitoylphosphatidylethanolamine

E. coli Escherichia coli

ECA Enterobacterial common antigen

ECApppg  Dipalmitoylphosphatidylglycerol (DPPG)-linked ECA

ECA|ps LPS-associated ECA

ECApg Phosphatidylglycerol (PG)-linked ECA

ECApspc  Palmitoylstearoylphosphatidylglycerol (PSPG)-linked
ECA

ECApypc  Palmitoylvacenoylphosphatidylglycerol (PVPG)-linked
ECA

EN Elastic network

FL Full length

GPU Graphics processing unit

HD5 Human o-defensin 5

Hepl Heptosyltransferase I

HEP-III Heptosyltransferase-III

IL Inner leaflet

M Inner membrane

K. pneumoniae Klebsiella pneumoniae

KDO 3-deoxy-p-manno-oct-2-ulosonic acid

KDO8P 3-deoxy-p-manno-octulosonate 8-phosphate

KdsC 3-deoxy-p-manno-octulosonate 8-phosphate phos-
phatase

Lipid Aarasan Lipid A containing 4-amino-4-deoxy-L-arabinose

LPS Lipopolysaccharide

Lpt LPS transport
MD Molecular dynamics
MM Molecular mechanics

MM-GBSA Molecular mechanics generalized Born surface area

MM-PBSA  Molecular mechanics Poisson — Boltzmann surface
area

N. meningitidis Neisseria meningitidis

n.s. Not specified

NTD N-terminal domain

OAH Oligo(allylamine hydrochloride)
oL Outer leaflet

oM Outer membrane

Omps Outer membrane proteins

P. aeruginosa Pseudomonas aeruginosa

PAMP Pathogen associated molecular pattern

PMB Polymixyn B

PMF Potential of mean force

POPC 1-palmitoyl-2-oleoyl-sn-glycero-3-phosphocholine

POPE Palmitoyl-oleoyl-phosphatidylethanolamine;
phosphoethanolamine

POPG 1-palmitoyl-2-oleoyl-phosphatidylglycerol;
phosphatidylglycerol

PPPE 1-palmitoyl(16:0)-2-palmitoleoyl
(16:1 cis-9)-phosphatidylethanolamine

PVCL2 1,1’-palmitoyl-2,2’-vacenoyl-cardiolipin with a net
charge of — 2e

PVPG 1-palmitoyl(16:0)-2-vacenoyl(18:1 cis-11)-
phosphatidylglycerol

REUS Replica exchange umbrella sampling

R-LPS Rough lipopolysaccharide

S. dysenteriae Shigella dysenteriae

S. enterica  Salmonella enterica
S. flexneri  Shigella flexneri
SA Simulated annealing

SIE Solvated interaction energy
S-LPS Smooth lipopolysaccharide
SMD Steered molecular dynamics
TempL Temporin L

TOCL1 Tetraoleoyl cardiolipin

UDP-GIcNAc UDP-N-acetylglucosamine

us Umbrella sampling

V. cholerae Vibrio cholerae

WHAM  Weighted histogram analysis method
WT Wild type

I

. Introduction

Gram-negative bacteria are characterized by the complex struc-
ture of their cell envelope, which comprises two membranes. The
inner membrane (IM) is a symmetric bilayer that consists of phos-
pholipids, whereas the outer membrane (OM) is an asymmetric
bilayer, comprising of phospholipids in the inner leaflet (IL) and pre-
dominantly lipopolysaccharides (LPSs) in the outer leaflet (OL);
these membranes are separated by the periplasm, which is an aque-
ous compartment that accommodates a thin layer of peptidoglycan
[1-5]. LPS, also referred to as endotoxin, is an amphiphilic molecule
that consists of three domains, namely, lipid A, core oligosaccharide
and O-antigen (see Fig. 1) [6-10]. LPS molecules that comprise these
three constituents are referred to as smooth LPS (S-LPS), whereas
rough LPS (R-LPS) lacks the O-antigen and/or parts of the core
oligosaccharide [8,11]. Lipid A, the most conserved component of
LPS, consists of a B-(1 — 6)-linked glucosamine disaccharide that
generally bears several saturated fatty acid moieties (from four to
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eight acyl tails), and is typically phosphorylated. Lipid A acts as a
hydrophobic anchor for LPS to the bacterial OM, and is considered
the most toxic constituent of LPS [2,4,8,9,11-13]. The core oligosac-
charide is covalently attached to the glucosamines of lipid A and
comprises two regions, namely, the inner and outer core, which
are proximal and distal to lipid A, respectively. The inner core
oligosaccharide is generally conserved and incorporates at least
one residue of 3-deoxy-p-manno-oct-2-ulosonic acid (KDO) and sev-
eral heptoses. Conversely, the components of the outer core
oligosaccharide are less conserved; in general the outer core is com-
posed of a series of hexoses [2,8,9]. The O-antigen, which is linked to
the core oligosaccharide, is the most variable component of LPS. It is
constituted of repeating oligosaccharide units (up to 40), being each
of them made of three to eight sugar residues [2,8-10,14]. In contrast
tolipid A, both the core oligosaccharide and the O-antigen are hydro-
philic and extend outwards from the OM [5,8].

Bacterial LPS is involved in several processes of pathophysiolog-
ical relevance [9,11,15]. Specifically, LPS provides Gram-negative
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Fig. 1. Schematic representation of the general structure of Gram-negative bacterial LPS.

bacteria with an effective protective barrier against noxious sub-
stances, such as small molecules, antimicrobial peptides or antibi-
otics. Hence, LPS is a main contributor to the resistance to
antibiotics that Gram-negative bacteria display, which has become
a major health threat globally [1,9,11,16-20]. On the other hand,
LPS is a pathogen associated molecular pattern (PAMP), and thus
it can be recognized by the host immune system, which can initiate
the eradication of the bacterial infection. The immune system acti-
vation is beneficial in order to fight against the invading bacteria;
however, uncontrolled activation can lead to life-threatening sep-
sis, which remains the primary cause of mortality from infection
[9,11,21-23]. The expected increase of sepsis frequency and occur-
rence due to the worldwide expanding antibiotic resistance calls
for the rational design and development of effective strategies,
such as novel antibiotics or extracorporeal LPS sequestration sys-
tems, for treating LPS-caused infections [22-25]. In this regard,
understanding at the atomic level the structure, dynamics and
interplay between molecules that underlie the synthesis, barrier
function and immunostimulatory ability of LPS is of paramount
importance in order to rationally design and optimize therapeutics.

Molecular dynamics (MD) is recognized as a valuable computer
simulation method for investigating biomolecular systems at
atomic detail, thus, providing important insights that cannot be
often experimentally reached [26-29]. As such, MD procedures
have been widely employed for investigating LPS-phenomena,
including its barrier and immunostimulatory functions, as well as
strategies to overcome them [6,13,22,24,30-36]. With the pace of
advances in the development of algorithms and in the computing
power, the investigation of more complex LPS systems as well as
the access to biologically meaningful time scales have been made
possible [37-39]. Therefore, important progress on the elucidation
of both the mechanisms underlaying the bacterial resistance to dif-
ferent agents and key steps of the immune system activation has
been achieved by combining MD and different computational
methods [12,15,30,40-42]. Recognizing such methods is crucial
for moving a step forward on the elucidation of different events
related to LPS, and thus on the development of strategies to fight
against bacterial infections. In our previous work [30], we outlined
how MD simulations can help to elucidate phenomena related to
the immunostimulatory ability of LPS and to design molecules
for modulating the exaggerated LPS-induced immune response or
capturing LPS, as well as, to the development of O-antigen based
vaccines. We specifically emphasized the enhanced sampling and
free energy calculation methods that are combined with MD sim-
ulations in order to address the above-mentioned investigations.
The knowledge derived from this work could be valuable for
designing therapeutics (immunomodulatory molecules, LPS
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sequestration agents and vaccines) to treat bacterial infections.
However, it does not address the exploration of both the mecha-
nisms underlaying the antibiotic resistance and the strategies to
overcome such resistance, which are key in order to deal with
the worldwide challenge of Gram-negative bacterial resistance by
developing molecules that evade LPS defenses or disrupt its
synthesis.

Hence, this work aims at providing an overview of the impact of
MD simulations for shedding light into different phenomena
related to the barrier function of LPS or its synthesis. Thereby,
the knowledge derived from these MD simulations can pave the
way for discovering molecules able to surmount antibiotic resis-
tance, either circumventing LPS defenses or disrupting its synthe-
sis. Therefore, the information gathered in the present review,
both the LPS-phenomena that are being explored and the compu-
tational strategies that are used to address such investigation,
may be valuable to progress on the design of novel antibiotics for
treating bacterial infections. Herein, articles that have been pub-
lished in the last five years and made use of MD simulations in
order to investigate the above-mentioned phenomena are
reviewed. With a special focus on the coupling of MD simulations
with several computational methods (namely, enhanced sampling
and free energy calculation approaches), we also emphasize the
possibility of using special-purpose MD supercomputers for per-
forming the simulations. The importance of employing appropriate
LPS and ions parameterizations to obtain meaningful results from
MD simulations is also underlined. Additionally, caveats of several
works are discussed and guidelines for tackling this research are
briefly presented to provide the reader with useful insights for
investigating different LPS-phenomena through MD simulations.
We close this work with the importance of combining MD simula-
tions and wet-lab experiments for gaining in-depth knowledge
about LPS phenomena. Finally, challenges and perspectives in the
field are also discussed. Thereby, this work not only surveys the
MD methods applied in LPS research, but also results notably valu-
able for unveiling the phenomena and strategies that are currently
being explored for circumventing antibiotic resistance. Collec-
tively, this review provides an overall picture of the importance
of MD simulations to move a step forward in the fight against
LPS-caused infections and bacterial resistance.

2. MD methods in LPS research

MD has been used for calculating the motions as a function of
time (trajectories) of biological molecules involved in different
LPS phenomena, namely, LPS barrier function and its synthesis
pathway. In all-atom (AA) MD, the positions and velocities of each
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atom in the system are obtained using Newton’s laws of motion
[38,43-45]. Such AA description of the molecular models provides
high level of detail of the system under investigation [37,45,46].
However, some complex biomolecular systems may not be
explored through classical AA-MD simulations due to the compu-
tational demand of these simulations [38,44]. Thereby, AA-MD
simulations require short time steps (1-2 fs) in order to ensure
numerical stability. Thus, the vast number of time steps involved
in the simulations, along with the millions of interatomic interac-
tions that are commonly evaluated during each time step, causes
some simulations to be prohibitively expensive in terms of the
required computational resources [38,47]. Additionally, the effi-
cient sampling of the conformational space is challenging due to
the rough energy landscape of complex biomolecular systems,
which is characterized by several metastable states separated by
free-energy barriers well above thermal noise; thereby, high free-
energy barriers make it difficult to escape from local minima, thus,
hampering the visit of new conformational states. Since several
biological processes take place on a time scale of seconds and
beyond, facilitating the crossing of energy barriers is of paramount
importance [37,46,48]. For that purpose, several enhanced sam-
pling methods have been applied in LPS research, e.g. coarse-
grained (CG) MD, umbrella sampling (US), replica-exchange
umbrella sampling (REUS), steered MD (SMD), adaptive biasing
force (ABF), and simulated annealing (SA). Additionally, the identi-
fication of appropriate reaction coordinates, which accurately
quantify the progress between two thermodynamic states, is of
paramount importance for analyzing and sampling the transitions
between metastable states in complex molecular systems, as those
that are involved in LPS research [49-53]. Moreover, in order to
increase the computational speed and access to larger time scales,
specialized supercomputers for MD simulations, such as MD-
Engine, MD-GRAPE or Anton, can be used [38,44,54-58].

On the other hand, gaining insights into LPS phenomena not
only calls for access to biologically meaningful length and time
scales, but also could require the calculation of free-energy pro-
files, which enable the understanding of the thermodynamics of
the event under investigation [59-62]. In this regard, several meth-
ods, namely, solvated interaction energy (SIE), molecular mechan-
ics Poisson-Boltzmann surface area (MM-PBSA) and molecular
mechanics generalized Born surface area (MM-GBSA) have been
applied for estimating the free energy of several phenomena in
LPS research. Additionally, enhanced sampling methods such as
ABF or US are also used to provide the free energy of the phenom-
ena of interest along a reaction coordinate, that is, the potential of
mean force (PMF) [48,52,63,64].

It is worth mentioning that explaining in detail the theoretical
basis of the above-mentioned enhanced sampling and free energy
calculation methods is beyond the purpose of this review. Hence,
these computational methods have been briefly summarized in
the following subsections when their use for investigating different
LPS phenomena is discussed.

Collectively, the complexity of the molecular systems involved
in the investigation of the barrier function and synthesis pathway
of LPS could require the coupling of MD simulations with different
enhanced sampling methods and/or the use of specialized super-
computers for MD simulations, such as MD-Engine, MD-GRAPE
or Anton, in order to access the time and length scales required
to successfully examine these phenomena. Additionally, comput-
ing the free energy of key events related to LPS could also be of
paramount importance in order to determine the propensity of
such events to occur. In the following subsections, studies that
address the investigation of the LPS synthesis, its barrier function,
or strategies to surmount such barrier by combining MD simula-
tions with different computational methods (i.e., enhanced sam-
pling or free energy calculation approaches) and/or by resorting

5889

Computational and Structural Biotechnology Journal 20 (2022) 5886-5901

to supercomputers for running the simulations are reported and
discussed.

2.1. LPS barrier function

The OM of Gram-negative bacteria acts as a permeability barrier
to prevent the influx of noxious agents into the cell, as seen in
Fig. 2, which in turn results in the bacterial resistance to many
antibiotics. LPS plays a crucial role in this barrier function; partic-
ularly, the low-permeability of LPS bilayers is influenced by regu-
latory pathways or by the interaction of LPS molecules with
several membrane components [16,17,65,66]. Therefore, exploring
these mechanisms is crucial for elucidating the molecular basis of
the bacterial resistance mechanism, and thus move a step forward
in the discovery and development of novel antibiotics that effec-
tively overcome such defense. Recent studies that tackle this inves-
tigation have been listed in Table 1. In this section, studies focused
on the investigation of the aforementioned mechanisms are
reviewed, highlighting the MD methods and the advanced compu-
tational resources that have been used to address such research.

The introduction of chemical modifications to LPS molecules
represents a defense mechanism evolved in Gram-negative bacte-
ria as a survival strategy in the host. In Salmonella enterica, the
remodeling of the LPS structure is accomplished through the
PhoPQ two-component regulatory system and involves the addi-
tion of a hydroxyl group, a positively charged aminoarabinose
and a palmitoyl chain to the lipid A moiety; these modifications
result in a stronger impermeability of the OM to several agents,
such as large lipophilic drugs. Therefore, elucidating how LPS mod-
ifications enable the protection of Gram-negative bacteria from
hostile environments has received outstanding attention [40,66-
68]. In this regard, Rice and Wereszczynski [67] investigated the
influence of lipid A modifications on the LPS bilayer properties.
For that purpose, they performed long-timescale AA-MD simula-
tions of bilayers containing unmodified, partially modified or mod-
ified LPS with the three simultaneously added changes; these
simulations were run on the Anton 2 supercomputer, thus enabling
a total simulation time of 35 ps. Additionally, Martynowcycz and
coworkers [66] also made use of Anton 2 for carrying out AA-MD
simulations of the human antimicrobial peptide (AMP) LL-37 inter-
acting with bilayers containing LPS with and without PhoPQ-
mediated modifications in order to explore the resistance mecha-
nism of S. enterica to LL-37. In this study, microsecond-scale simu-
lations were also reported, with a total simulation time of 18 ps.

It should be pointed out that divalent cations bridging with LPS
in order to stabilize LPS molecules in the OM of Gram-negative
bacteria play also a pivotal role in limiting the penetration of exter-
nal agents, such as, hydrophobic antibacterial molecules
[12,17,69,70]. In this regard, Rahnamoun et al. [12] explored the
effect of the ionic environment (i.e. ionic radius and cation valency)
on the structure and packing of LPS in the OM of Gram-negative
bacteria, which in turn influences their resistance to bactericidal
agents. For that purpose they coupled experiments and AA-MD
[12]. Additionally, in order to move a step forward in the design
of antibacterial materials, such as gold nanoparticles, they charac-
terized the effect of different metal cations on the penetration into
LPS bilayers of a model functionalization compound for coating the
nanoparticles, namely oligo(allylamine hydrochloride) (OAH),
since the coating of the nanoparticle surface governs LPS-
nanoparticle interaction. To investigate the OAH intercalation into
LPS bilayers, they carried out free energy calculations using the
ABF method. This technique is based on calculating and averaging
the instantaneous force exerted along the coordinate of interest;
then, an external biasing force with the same modulus as the aver-
age force but opposite direction is adaptively applied [48,64,71].



C. Gonzdlez-Ferndndez, E. Bringas, C. Oostenbrink et al.

Computational and Structural Biotechnology Journal 20 (2022) 5886-5901

Exogenous molecule

Jmmnannmannnn

CO0000000000 000006

Periplasm

0000000000000 00064¢

Phospholipids

COCCCCOOCC 0000000

Fig. 2. Overview of the permeation of exogeneous agents through the multilayered structure of Gram-negative bacterial cell envelope.

Apart from the cation-LPS binding, tight interactions between
outer membrane proteins (Omps) and LPS molecules are also
involved in maintaining the low-permeability barrier that the
OM of Gram-negative bacteria exhibits against toxicants, which
in turn demonstrates the importance that the simulation of LPS-
Omps systems has received. Nevertheless, it has been reported that
investigating LPS-Omps interactions is hindered by the slow diffu-
sion of LPS molecules in bilayers; hence, sampling LPS motions
remains challenging on submicrosecond time scales [18,72,73]. In
this regard, to improve the sampling, Shearer and coworkers [72]
studied the orientations and interactions of six Omps (namely,
OmpA, OmpX, BtuB, FhuA, OmpF and EstA) with several membrane
environments, which differed in the LPS composition of the outer
leaflet of OM models, by performing CG-MD simulations. Coarse-
graining represents a popular approach to increase the time and
length scales that are accessed by AA-MD simulations. Due to the
simplification of the molecular models by embedding several
atoms into a single bead, thus sacrificing atomistic details, the
number of degrees of freedom is greatly reduced, which enables
faster sampling in comparison to AA-MD simulations
[37,44,45,47,74,75]. Particularly, Shearer et al. [72] used an elastic
network (EN) model for the coarse-grained modeling of the above-
mentioned proteins. In EN models, proteins are represented as a
network of point masses connected by springs; due to this simpli-
fied representation, MD results should be carefully interpreted
when EN models are employed [76-78]. In their work, Shearer
et al. [72] achieved simulation times of 30-40 ps per Omp/mem-
brane system using coarse-grained representations of the mole-
cules. However, they revealed that these time scales were not
sufficient for the simulations to completely converge. Thereby,
Shearer et al. [72] concluded that due to the slow diffusion rate
of LPS molecules, simulation times longer than 60 ps may be
needed to adequately sample LPS-containing membranes, and thus
in order to access to such longer time scales, they suggested the
use of enhanced sampling methods for future studies. Note, how-
ever, that the kinetics in CG models are not necessarily representa-
tive for the true kinetics of these systems, a fact that may be
complicated further by the use of ENs.
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It is worth mentioning that the study of Shearer et al. [72] was
focused on providing insights into the role of Omps, and thus only
the OM of Gram-negative bacteria was modeled in the simulations.
However, both the IM and OM are populated by multiple proteins,
which can influence their physical properties [79]. Despite the
great significance of elucidating the complex relationship between
both membranes and the proteins embedded in them, details are
sparse due to the difficulties to perform simulations of such large
systems and for carrying out experiments at the required resolu-
tion. Progress on this issue was made by Hsu and coworkers [79],
who built models of the Escherichia coli cell envelope that included
both the IM and OM, as well as, several membrane proteins, using a
coarse-grained representation of the molecules. Specifically, these
proteins were coarse-grained modeled using an EN model. From
these models of the OM and IM without and with protein embed-
ded and performing microsecond time scale CG-MD simulations,
they gained insights into the effect of the number or type of mem-
brane proteins on the dynamics of the IM and OM. However, they
stated that a limitation of their work was the omission of the pep-
tidoglycan cell wall, which came from the unavailability of CG
models for peptidoglycan. Hence, future advances on the valuable
study of Hsu et al. [79] rely on including the peptidoglycan cell
wall in the coarse-grained model of the E. coli cell envelope. In this
regard, Vaiwala et al. [80] developed a CG model for peptidoglycan;
for that purpose, they used an AA model previously reported in the
literature. Furthermore, they studied for the first time the interac-
tions of the modeled peptidoglycan with thymol. To this end, they
calculated the PMF of thymol insertion through the peptidoglycan
layer, both at atomistic and coarse-grained levels, by performing
USMD simulations; the initial configurations for such simulations
were obtained from SMD simulations. In SMD simulations, the
motion of selected atoms is guided by applying an external force
with predefined direction through a harmonic spring [48,81-83].
US enhances sampling by applying a biasing potential (so-called
umbrella potential) to drive the system from one state to another.
In USMD, independent simulations (named as windows) with dif-
ferent umbrella potentials are carried out to cover the pathway
between these states; then, reweighting techniques such as the
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(continued on next page)

Table 1
Studies that use MD simulations to investigate phenomena related to the barrier function of LPS.*"
System Production  Force field Molecular Enhanced Binding/ Year Ref.
simulation representation sampling permeation
software free energy
Monophosphorylated lipid A membrane (in different salt GROMACS GROMOS 53A6 (*1) AA (-) (-) 2021 [92]
concentration regimes: no salt, AlCl;, NaCl; one salt 2016.4 (*2)
concentration per system)
Diphosphorylated lipid A membrane (in different salt
concentration regimes: no salt, AlCl;, NaCl; one salt
concentration per system)
Dihydrogen phosphate/AI**, Na*, or AI** and Nacl (in different
systems)
Bilayer (OL: LPS; IL: DOPC)/peptide VSAK n.s. MARTINI 22p (*1) CG (-) (-) 2021 [93]
Symmetric bilayer (OL, IL: DOPC)/peptide VSAK
Bilayer (OL: re-LPS; IL: DMPC)/dimeric HD5 GROMACS GROMOS 53A6 AA SMD¢ MM-PBSA 2021 [90]
5.0
Bilayer (OL: re-LPS; IL: DMPC)/dimeric HD5 GROMACS  GROMOS 53A6 AA SMD°® =) 2021 [89]
5.0
Symmetric V. cholerae S-LPS bilayers with different lipid A OpenMM CHARMMS36 (*2) AA (-) (-) 2021 [94]
structures (one structure per system) 7.4.1
Asymmetric OM model (OL: Ra-LPS; IL: POPE, POPG, CDL) GROMACS MARTINI CG =) O 2021 [95]
Asymmetric OM model (OL: Ra-LPS; IL: POPE, POPG, CDL)/PMB  5.1.2
(at different PMB/Ra-LPS ratios; one ratio per system)
Asymmetric OM model (OL: Ra-LPS; IL: POPE, POPG, CDL)/PMB US (PMF,
(at 1:1 PMB/Ra-LPS ratio) WHAM)*
Symmetric S. enterica re-LPS bilayer/Na*, K*, Ca®*, Mg?* (one ion NAMD CHARMMB36NBFIX  AA =) =) 2020 [12]
per system) n.s. (*2)
Symmetric S. enterica re-LPS bilayer/OAH/Na*, K*, Ca®*, Mg?* (one ABF¢
ion per system)
C. crescentus O-antigen/monomeric protein RsaAnrp GROMACS CHARMM36m AA (-) (-) 2020 [96]
2019
Symmetric E. coli S-LPS bilayer OpenMM CHARMM36 AA (-) (-) 2020 [7]
Symmetric E. coli S-LPS/ECA (ECA_ps, ECApypg, ECAppps, ECApspc, n.s.
ECApg) bilayers (at different S-LPS/ECA ratios)
P. aeruginosa OM (OL: S-LPS; IL: DPPE) GROMACS GROMOS AA ) -) 2020 [97]
P. aeruginosa OM (OL: S-LPS; IL: DPPE) OprM (embedded) 4.6.5 53A6¢1yc(*1)
Pure POPC bilayer with OprM inserted (*3)
P. aeruginosa OM (OL: S-LPS; IL: DPPE) MARTINI (*1) (*3) CG
P. aeruginosa OM (OL: S-LPS; IL: DPPE) OprM (embedded)
Pure POPC bilayer with OprM inserted
Peptidoglycan-thymol GROMACS MARTINI 2.2 (*1)  CG SMD¢ US (PMF, 2020 [80]
5.1.5 CHARMM36 (*3)  AA WHAM)®
CGenFF
IM (DOPE, DOPG, TOCL1) GROMACS CHARMM36 AA (-) (-) 2020 [33]
OM (OL: S-LPS; IL: DOPE, DOPG, TOCL1) 2018.2 and CGenFF
IM (DOPE, DOPG, TOCL1)-thymol (at different thymol/lipid 514 SMD*¢ US (PMF,
ratios) WHAM)*
OM (OL: S-LPS; IL: DOPE, DOPG, TOCL1)-thymol
S. dysenteriae ShuA in DDM micelles GROMACS CHARMM36m AA (-) (-) 2020 [98]
S. dysenteriae ShuA in OM (OL: S. flexneri R-LPS; IL: PPPE, PVPG,  2018.2
PVCL2)
S. enterica Rc-LPS bilayer (lipid A phosphate groups charge: —2 or AMBER 18 CHARMM36 AA (-) (-) 2020 [17]
—1; one charge per system) Ca%*, K*, Mg?*, Na*, NBFIX Ca?*, NBFIX
CUFIX K*, CUFIX Na* (one ion per system) CUFIX(*1) (*2)
S. enterica modified Rc-LPS bilayer (lipid A phosphate groups (*3)
charge: —2 or —1; one charge per system) Ca?*, K*, Mg?*, Na*,
NBFIX Ca?*, CUFIX K*, CUFIX Na* (one ion per system)
S. enterica re-LPS bilayer (lipid A phosphate groups charge: —2 or
—1; one charge per system) Ca%*, K*, Mg?*, Na*, NBFIX Ca®*,
CUFIX K*, CUFIX Na* (one ion per system)
S. enterica modified re-LPS bilayer (lipid A phosphate groups
charge: —2 or —1; one charge per system) Ca®*, K*, Mg?*, Na*,
NBFIX Ca?*, CUFIX K*, CUFIX Na* (one ion per system)
S. enterica re-LPS bilayer (lipid A phosphate groups charge: —1)
excess of Ca®*, K*, Mg?*, Na* (one ion per system)
OM (OL: E. coli S-LPS; IL: POPE, POPG) GROMACS MARTINI 2.2 (*1)  CG -) (-) 2019 [3]
OM (OL: E. coli S-LPS, R-LPS; IL: POPE, POPG) 5.1.2
OM (OL: E. coli S-LPS, POPE; IL: POPE, POPG)
OM (OL: E. coli S-LPS, R-LPS, POPE; IL: POPE, POPG)
Bilayer (OL: S. enterica LPS; IL: POPE)/LL-37 ANTON 2 CHARMM36(*1) AA (=) (-) 2019 [66]
Bilayer (OL: S. enterica PhoPQ-modified LPS; IL: POPE)/LL-37 (*2)
Bilayer (OL: S. enterica KDO2-lipid A; IL: POPE)/LL-37 AMBER 18 (*3)
Bilayer (OL: S. enterica KDO2-modified lipid A; IL: POPE)/LL-37
OM bilayer (OL: hexa-acylated E. coli LPS; IL: PPPE, PVPG, PVCL2)] GROMACS CHARMM36 AA =) (-) 2019 [18]
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Table 1 (continued)
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System

Production
simulation
software

Force field

Molecular
representation

Enhanced
sampling

Binding/ Year
permeation

free energy

Ref.

OM bilayer (OL: hexa-acylated E. coli LPS; IL: PPPE, PVPG, PVCL2)/
OmpE36 (embedded)
Symmetric DMPC bilayer/OmpE36

OM (IL: POPE, POPG, CDL; OL: E. coli re-LPS)/OmpA, OmpX, OmpF,
FhuA, EstA, BtuB (one protein per system)

OM (IL: POPE, POPG, CDL; OL: E. coli Ra-LPS)/OmpA, OmpX,
OmpF, FhuA, EstA, BtuB (one protein per system)

OM (IL: POPE, POPG, CDL; OL: E. coli S-LPS)/OmpA, OmpX, OmpF,
FhuA, EstA, BtuB (one protein per system)

OM (IL: POPE, POPG, CDL; OL: E. coli S-LPS, POPE)/OmpA, OmpX,
OmpF, FhuA, EstA, BtuB (one protein per system)

DPPC membrane/OmpA, OmpX

P. aeruginosa OM (OL: re-LPS; IL: PPPE, PVPG, PVCL2)/OccK5

P. aeruginosa OM (OL: Ra-LPS; IL: PPPE, PVPG, PVCL2)/OccK5

P. aeruginosa OM (OL: S-LPS; IL: PPPE, PVPG, PVCL2)/OccK5

Symmetric S. enterica Rc-LPS bilayer

Symmetric S. enterica PhoPQ-modified Rc-LPS bilayer (3
modifications simultaneously)

LPS bilayer (OL: S. enterica Rc-LPS; IL: POPE)

LPS bilayer (OL: S. enterica PhoPQ-modifed Rc-LPS; IL: POPE) (3
modifications simultaneously)

Symmetric S. enterica PhoPQ-partially modified Rc-LPS bilayers

Membrane (OL: re-LPS; IL: DMPC)/dimeric and tetrameric HD5
(in different systems)

DMPC membrane/dimeric and tetrameric HD5 (in different
systems)

E. coli OM (OL: re-LPS; IL: POPE, PVPG, CDL)

E. coli IM (OL, IL: POPE, PVPG, CDL)

E. coli OM (OL: re-LPS; IL: POPE, PVPG, CDL) with TolC, OmpAntp
monomer embedded and E. coli IM (OL, IL: POPE, PVPG, CDL)
with AcrBZ, AqpZ embedded

E. coli OM (OL: re-LPS; IL: POPE, PVPG, CDL) with TolC, OmpAg
homodimer embedded and E. coli IM (OL, IL: POPE, PVPG, CDL)
with AcrBZ, LacY embedded

OM (OL: P. aeruginosa or E. coli re-LPS; IL: PPPE, PVPG, CL, PVCL2)
(in different systems)

OM (OL: P. aeruginosa or E. coli Ra-LPS; IL: PPPE, PVPG, CL, PVCL2)
(in different systems)

OM (OL: P. aeruginosa S-LPS; IL: PPPE, PVPG, CL, PVCL2)

OM (OL: P. aeruginosa or E. coli re-LPS; IL: PPPE, PVPG, CL, PVCL2)/
OprH (in different systems)

OM (OL: P. aeruginosa or E. coli Ra-LPS; IL: PPPE, PVPG, CL,
PVCL2)/OprH (in different systems)

OM (OL: P. aeruginosa S-LPS; IL: PPPE, PVPG, CL, PVCL2)/OprH

PMB

Symmetric penta-acylated lipid A /PMB

Symmetric hexa-acylated lipid A [PMB

Symmetric penta-acylated lipid Aaraan /PMB

Symmetric hexa-acylated lipid Aaraan /PMB

Symmetric penta-acylated re-LPS/PMB

TempL

Q3K-TempL

F5,8L-TempL

F5,8A-TempL

Lipid A bilayer/TempL

Lipid A bilayer/Q3K-TempL

GROMACS
4.6.5
GROMACS
2016

NAMD
n.s.

AMBER 16

ANTON 2

GROMACS

4.5.5

GROMACS
4.6.7

NAMD
n.s.

GROMACS

4.5.4

GROMACS
n.s.

MARTINI 2.2 (*1)
EN

CHARMM36

CHARMM36 (*2)
(*3)

GROMOS 53A6

MARTINI 2.2 (*3)
EN

CHARMM36

GROMOS 54A7
GROMOS
53A661ycGROMOS
53A6

(*1)

GROMOS 53A6

CG

CG

AA

SA

)

) 2019

) 2018

(=) 2018

) 2018

=) 2017

(=) 2017

=) 2017

=) 2017

US (PME,
WHAM)®

[72]

[99]

(67]

(88]

[79]

[100]

(40]

[91]

(*1) Modifications of the force field parameters were considered; check the original publication; (*2) Specific considerations for ions have been used; check the original

publication;

(*3) Parameterization employed by other authors are used; check the original publication.

n.s.: Not specified.

2 For the sake of clarity, the abbreviations and acronyms cited in this Table have been included and defined in the “List of abbreviations and acronyms” at the beginning of

the manuscript.

b The force fields included in this Table encompass all of them used in the study, but the force fields used for each system have not been specified.
¢ Enhanced sampling and/or free energy calculation methods are used to investigate the permeation of molecules into membranes.
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weighted histogram analysis method (WHAM) can be used to com-
bine individual simulations and compute the PMF [46,84-87].
With this study, Vaiwala et al. [80] contribute to the understanding
of the barrier properties of the peptidoglycan in Gram-negative
bacteria, which is important for the development of novel
antibiotics.

On the other hand, to gain insight into the barrier that Gram-
negative bacteria exhibit for exogenous molecules, thus moving a
step forward in the development of molecules to fight bacterial
infections, exploring the interaction of molecules with bacterial
membranes is of utmost importance. In this regard, Awang and
coworkers aimed at elucidating at microscopic detail the interac-
tion mechanism of the AMP human o-defensin 5 (HD5) and LPS;
they addressed this investigation through different studies [88-
90|. Specifically, they firstly analyzed both the role of LPS on
HD5 activity and the effect of the common oligomeric states (dimer
and tetramer) of HD5 on membrane interaction [88]. For these pur-
poses, they examined the adsorption of dimeric and tetrameric
HD5 on a LPS membrane compared to a bare phospholipid mem-
brane (1,2-dimyristoyl-sn-glycero-3-phophocholine, DMPC, mem-
brane) by performing AA-MD simulations. However, in this study
Awang and coworkers did not observe the pore formation or the
HD5 penetration into the membranes, which are crucial to advance
in the elucidation of the HD5-LPS interaction, since according to
the literature, the mechanism of HD5 to inactivate bacteria relies
on disrupting the bacterial membrane by making a pore and pen-
etrating into the cytoplasm [88,89]. Thus, they conducted another
study to explore the permeation of a dimeric HD5 into a LPS mem-
brane model at atomic level. To address this investigation, they
carried out SMD simulations [89]. Additionally, Awang et al. [90]
studied how LPS membranes are destabilized by HD5 dimers, thus
making further progress on the elucidation of key insights about
the HD5-LPS interaction. For that purpose, they explored the
dynamics of a dimeric HD5 along the membrane axis by simulating
the HD5 dimer at different positions in a LPS membrane through
AA-MD; these starting orientations were derived from SMD simu-
lations. They concluded that despite the important insights they
gained about the binding mechanism of HD5 and LPS membranes,
permeation of HD5 was not observed, since this event occurs at the
minute time scales. Hence, they highlighted the need of using
advanced sampling techniques to elucidate the penetration mech-
anism of this AMP through MD simulations. It is worth mentioning
that in these works of Awang and coworkers [88-90], a simplified
LPS model, that is R-LPS, was used due to the complexity of bacte-
rial LPS. In this regard, several studies have investigated the
translocation of molecules (proteins, sugars, amino acids, etc.) into
OMs. However, OM models with R-LPS molecules have been typi-
cally used. Although by considering OM containing R-LPS the com-
putational complexity is reduced, the barrier that the O-antigen
could offer is not investigated in these studies [33]. In order to
address this issue, Sharma et al. [33] examined the interaction of
thymol with bacterial S-LPS-containing OM and with the IM
through AA-MD simulations, despite the challenge of modeling S-
LPS atomistically because of the large number of atoms. It should
be pointed out that thymol-OM and thymol-IM were simulated
in different systems. Furthermore, Sharma and coworkers [33]
derived the PMF of thymol insertion into the IM and S-LPS-
containing OM by performing USMD simulations; SMD simulations
were also carried out in order to obtain the initial configurations
for US. It is noteworthy that the distance between the center of
mass of the exogenous molecule and the center of mass of the bac-
terial membrane (e.g., the top of the OM’s OL, the IL, etc.) is typi-
cally used as the reaction coordinate to investigate the passage of
molecules though the membrane [12,33,46,80,86,89-91]. On the
other hand, given that LPS is the major component of the outer
leaflet of Gram-negative bacterial OMs, such leaflet had been mod-
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eled completely with LPS molecules, as indicated in Table 1. How-
ever, apart from LPS, OM'’s outer leaflets are also composed of other
constituents that promotes the OM impermeability, such as the
enterobacterial common antigen (ECA) in Gram-negative bacteria
of the Enterobacteriaceae family (for instance E. coli or Klebsiella
pneumoniae) [7]. Hence, including these constituents to the models
of OM’s outer leaflets is required in order to simulate more realistic
OMs. Advances in this issue were addressed by Gao et al. [7], who
modeled phosphatidyl-glycerol (PG)-linked ECA (ECApg) and LPS-
associated ECA (ECAps) molecules. They incorporated the devel-
oped ECApg and ECA;ps models into symmetric E. coli S-LPS bilayers
and performed AA-MD simulations to characterize several bilayers
properties and the conformations of ECA and LPS. On the basis of
the aforementioned computational procedures, it can be high-
lighted that the works of Shearer et al. [72], Hsu et al. [ 79], Vaiwala
et al. [80], Sharma et al. [33], and Gao et al. [7] contributed to a
great extent to the development of realistic models of the Gram-
negative bacterial cell envelope, which are key to perform mean-
ingful MD simulations.

In view of the studies that have been discussed throughout this
section, it can be rationalized that three key issues should be con-
sidered for successfully shedding light into the barrier properties of
the Gram-negative bacterial cell envelop, where LPS plays a pivotal
role. These issues, which have been addressed below, are: (i) the
complexity of the biological systems to be investigated and the
challenge of sampling LPS motions on submicrosecond time scales,
(ii) the need of using suitable representations of the bacterial cell
envelope to perform meaningful MD simulations, and (iii) the
importance of computing the energetics of translocation of exoge-
nous molecules across the cell envelope to assess its barrier
properties.

Investigating the mechanisms that influence the impermeabil-
ity of LPS bilayers could be challenging due to the complexity of
the biological systems that have to be explored and the difficulty
of sampling LPS motions on submicrosecond time scales [18,72].
Therefore, several strategies need to be adopted for successfully
investigating several phenomena related to the barrier function
of LPS, such as reducing the level of detail in the description of
the molecules (i.e., use CG models for molecular representations),
use enhanced sampling methods or resorting to specialized super-
computers to run the MD simulations. In this way, bridging the gap
between the time scales at which biological processes occur and
the accessible time scales of MD simulations could be addressed.

On the other hand, despite the importance of accessing to bio-
logically relevant time scales, the cornerstone for understanding
the molecular basis of the bacteria impermeability against exoge-
nous agents is the use of suitable representations of the bacterial
cell envelop to carry out meaningful MD simulations [33,80].
Therefore, advances in modeling the cell envelope of Gram-
negative bacteria have been fulfilled as it was previously detailed.
Hence, developing a complete model that includes simultaneously
as much elements as possible, namely, the IM, OM, peptidoglycan,
and membrane proteins populating the IM and OM would lead to
more meaningful insights. Additionally, as rationalized by Sharma
et al. [33] and Gao et al. [7], OM models should comprise S-LPS (in-
stead of R-LPS) as well as other molecules, such as, ECA or capsular
polysaccharides, since these membrane constituents and the O-
antigen units could also offer a barrier to the translocation of mole-
cules into the bacteria. Hence, the works of Hsu et al. [79], Vaiwala
et al. [80], Sharma et al. [33], and Gao et al. [7] could be used as a
basis for the development of realistic models for the Gram-
negative bacterial cell envelope. However, given the complexity
of such realistic cell envelop, strategies, such as the use of
special-purpose MD supercomputers and/or enhanced sampling
methods would be required to obtain in-depth knowledge about
the shield that Gram-negative bacterial cell envelope provides.
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Finally, computing the energetics of translocation across the
bacterial cell envelop enables identifying the barriers that hamper
the passage of exogenous molecules (e.g., antimicrobial agents)
through it, which is of paramount importance for gaining molecu-
lar insights into the interaction and transport of these molecules
within the bacterial cell envelope. As described in the studies of
Rahnamoun et al. [12], Sharma et al. [33], and Vaiwala et al. [80],
the permeation free energies of several molecules into OM, IM or
peptidoglycan models can be determined using different computa-
tional methods, such as, ABF or USMD.

2.2. LPS synthesis and transport

In order to tackle the antibiotic resistance challenge, not only
the mechanisms that are involved in the Gram-negative bacteria
protection by LPS molecules have been investigated, but the scien-
tific community has also focused its efforts on disrupting the syn-
thesis of the OM, as illustrated in Fig. 3. Specifically, molecules that
take part in the biosynthesis pathway of LPS have been considered
attractive targets for developing antimicrobial agents, since LPS is a
crucial component for creating the OM and its absence makes bac-
teria more sensitive toward several exogenous agents, such as
hydrophobic antibiotics [24,34,101,102]. Hence, contributions to
the design of inhibitors for such molecules have been made using
MD simulations and free energy calculations, as reported in
Table 2.

For instance, identifying inhibitory molecules for enzymes
involved in the synthesis of KDO has received significant attention,
due to the essentiality of this LPS constituent for the bacterial via-
bility since the lack of KDO residues in LPS leads to the cease of cell
growth [24,101]. In this regard, Aradjo et al. [101] attained a dee-
per understanding on the inhibition mechanism of Neisseria menin-
gitidis  3-deoxy-d-manno-octulosonate 8-phosphate (KDOSP)
synthase by several inhibitors. Two of these inhibitors were
reported in the literature to be the top inhibitors for this enzyme;
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however, the molecular level details regarding their mode of action
remained unknown. Additionally, the third inhibitor consisted of a
molecule the authors hypothesized that resulted from the hydrox-
ylation of one of the previous inhibitors. Aratjo and coworkers
[101] performed AA-MD simulations of N. meningitidis KDOSP
synthase-inhibitor complexes and estimated their free energy of
binding. For computing the enzyme-ligand binding free energy,
they employed three methods, namely, MM-GBSA, MM-PBSA and
SIE; according to their results, the same ranking for the potential
inhibitors was obtained, which was in agreement with experimen-
tal data published previously, regardless of the considered method.
MM-GBSA, MM-PBSA and SIE are end-point free energy methods,
since they only sample the initial and final states of the system;
thus, they offer a good compromise between accuracy and effi-
ciency [103-107]. Other methods for providing more accurate
free-energy calculations are the so-called alchemical methods,
such as free energy perturbation (FEP) and thermodynamic inte-
gration (TI). However, the balance between the convergence of
the free energy difference and the computational cost for big and
flexible molecules hampers their use for computing the free energy
in these systems. Specifically, achieving the convergence when the
system under investigation involves slow structural transitions or
large environmental reorganizations is difficult [105,108,109].
According to the MM-GBSA and MM-PBSA methods, the free
energy of the free ligand, free receptor and ligand-receptor com-
plex are calculated from the gas-phase molecular mechanics
(MM) energy (that includes the internal, electrostatic and van der
Waals energies), the polar and nonpolar solvation free energies,
and the entropy upon ligand-receptor binding. The polar solvation
free energy can be obtained using either the Poisson-Boltzmann
equation (MM-PBSA) or a Generalized-Born model (MM-GBSA)
[103,105,110,111]. On the other hand, the SIE approach estimates
the binding free energy from the intermolecular interaction energy
in the bound state and the desolvation free energy. Both the inter-
action and desolvation contributions include a nonpolar and an
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Fig. 3. Representation of the tactics for disrupting the synthesis of Gram-negative bacterial OMs.
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Table 2
Studies that use MD simulations to investigate phenomena related to the synthesis and transport of LPS.*"
System Production Force field = Molecular Enhanced Binding/ Year Ref.
simulation representation sampling process
software free energy
Apo K. pneumoniae LptDE embedded in bilayer (OL: re- GROMACS MARTINI AA or CG/AA With or without  (-) 2021 [118]
LPS; IL: CDL, POPG, POPE) 2018.6 or 2019.1 2.2 *1) PLUMED(*2)
Re-LPS-bound K. pneumoniae LptDE embedded in bilayer EN (*3)
(OL: Re-LPS; IL: CDL, POPG, POPE) CHARMM36
Thanatin-bound K. pneumoniae LptDE embedded in
bilayer (OL: re-LPS; IL: CDL, POPG, POPE)
A. baumanii KdsC/top 3 molecules from Asinex database = AMBER 16 AMBER ff03. AA (=) MM-GBSA 2020 [24]
rl
GAFF MM-PBSA
Apo S. flexneri LptDE embedded in DMPE bilayer Anton 1 CHARMM36 AA SMD REUS (PMF, 2020 [4]
S. flexneri LptDE embedded in DMPE bilayer with LPS WHAM)
bound in the N-terminal domain of LptD AMBER n.s.
P. aeruginosa LptDE embedded in DMPE bilayer (-) (-)
P. aeruginosa LptDE embedded in OM model (OL: E. coli
Ra-LPS; IL: POPE)
A. ferrooxidans GnnA/UDP-GIcNAc/NAD* AMBER 18 GAFF2 AA ) -) 2020 [124]
Apo K. pneumoniae HEP-III GROMACS AMBER AA (-) (-) 2019 [34]
K. pneumoniae HEP-1II/ADP 5.14 ff99SB MM-PBSA
K. pneumoniae HEP-III/top 2 molecules from Asinex
database
N. meningitidis KDO8P synthase/3 biphosphate inhibitors =~ AMBER 16 AMBER AA (-) MM-PBSA 2019 [101]
(one inhibitor per system) ff14SB
MM-GBSA
SIE
P. aeruginosa LpxH/Lipid X AMBER AA (-) (-) 2018 [125]
P. aeruginosa LpxH F82G/L83G mutant ff14SB GAFF
Apo P. aeruginosa LpxH from apo and Lipid X bound AMBER 14
crystal structures (in separate systems)
WT E. coli LptC dimer Desmond n.s. AA (-) (-) 2018 [126]
Mutated E. coli LptC dimer n.s.
Apo E. coli Hepl Desmond OPLS-AA AA (-) (-) 2017 [20]
n.s. 2005

(*1) The original publication does not explicitly indicate the molecular representation for each studied system. (*2) The original publication does not explicitly indicate in
which of the studied systems PLUMED was used. (*3) When the PLUMED plugin was used, the specific enhanced sampling method has not been detailed. For specific

information about the PLUMED plugin, the reader is directed to Ref. [127].
n.s.: Not specified.

2 For the sake of clarity, the abbreviations and acronyms cited in this Table have been included and defied in the “List of abbreviations and acronyms” at the beginning of

the manuscript.

b The force fields included in this Table encompass all of them used in the study, but the force fields used for each system have not been specified.

electrostatic component [60,107]. These methods, however, are
approximate in the sense that important assumptions are made,
e.g., concerning the validity of single-trajectory approaches
[112,113]. Additionally, Gulistan et al. [24] identified three poten-
tial inhibitors for Acinetobacter baumannii 3-deoxy-bp-manno-
octulosonate 8-phosphate phosphatase (KdsC) by combining sev-
eral in silico methods. To this end, they shortlisted several hits from
the Asinex database using a docking-based virtual screening
approach. Subsequently, they performed AA-MD simulations of A.
baumannii KdsC in complex with the filtered inhibitors that were
neither toxic or mutagenic, and computed the enzyme-inhibitor
binding free energy using the MM-GBSA and MM-PBSA methods.
From these calculations, they determined the nature of the interac-
tions (namely, electrostatic or van der Waals) that dominated the
KdsC-inhibitor binding and ranked the potential hits according to
the binding free energy value; they obtained similar trends with
both end-point methods.

On the other hand, the enzyme heptosyltransferase-III (HEP-III)
also plays an important role in the synthesis of LPS; particularly,
HEP-III takes part in the transfer of the third heptose to the inner
core oligosaccharide. Given that the truncation of LPS results in
an increase of the sensitivity that Gram-negative bacteria exhibit
to hydrophobic antibiotics, HEP-III has been considered an attrac-
tive drug target [34]. Panda and coworkers [34] identified hit com-
pounds that could be further employed for the design of inhibitors
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against K. pneumoniae HEP-IIl. To this end, they performed a
pharmacophore-based virtual screening of the Asinex database fol-
lowed by molecular docking of the filtered compounds. In order to
elucidate the molecular basis underlaying the K. pneumoniae HEP-
III inhibition, they subsequently carried out AA-MD simulations of
K. pneumoniae HEP-III bound to the top two hit molecules derived
from the pharmacophore-based virtual screening and molecular
docking, and also to adenosine diphosphate (ADP), which was con-
sidered as the reference ligand since it was used to develop the
pharmacophore model. Finally, they assessed the propensity of
the ligands to bind to the enzyme by estimating the binding free
energy using the MM-PBSA method.

Due to the essentiality of the proteins that comprise the LPS
transport (Lpt) machinery, which accomplish the transport of LPS
molecules from the IM (where LPS is synthesized) to the OM, these
proteins have also become potential targets for developing novel
antibiotics [4,114]. In this regard, Lundquist and Gumbart [4] elu-
cidated the process of LPS insertion into the outer leaflet of the OM
by the two-Omp complex LptDE. For that purpose, they employed
the Anton 1 supercomputer for performing almost all the AA-MD
simulations, although some of them were extended using the
Amber simulation package on graphics processing units (GPUs),
reaching a total simulation time greater than 14 ps. Apart from
investigating the conformational dynamics of Shigella flexneri and
Pseudomonas aeruginosa LptDE, that could be crucial for LPS inser-
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tion, they also gained insights into the formation of a lateral gate
on S. flexneri LptD, which has been postulated to be a step required
for LPS to enter into the OM. Particularly, they assessed the effect
of the presence of a LPS molecule bound in the N-terminal domain
of LptD on such gate opening by measuring the distance between
the LptD N- and C-terminal B-strands over time and by computing
the free energy of gate opening. In contrast to the above-
mentioned studies where the interaction free energy was esti-
mated for assessing the binding propensity between molecules,
Lundquist and Gumbart [4] performed free energy calculations to
determine the energetic cost for the separation of the B-strands
involved in the gate opening. To obtain the open state, SMD simu-
lations were performed. Free energy calculations of lateral gate
opening for S. flexneri apo-LptD and LptD-LPS systems were com-
puted using the REUS method and PMFs were derived from the
REUS data using WHAM. Hence, to perform this investigation they
defined the separation of the f1 and B26 strands from S. flexneri
LptD in the apo and LPS-bound states as the reaction coordinate.
In the REUS method, which is a generalization of the US approach,
simulations differing in the temperature and/or in the umbrella
potentials, are performed; during the simulation, the temperature
and/or the umbrella potentials are exchanged between a pair of
replicas. Afterwards, as with US simulations, data from REUS sim-
ulations are processed using WHAM [84,87,115-117].

On the other hand, further progress in the elucidation of the LPS
insertion into the OM mediated by the LptDE complex was made
by Fiorentino and coworkers [118]. Thereby, they explored how
the binding of LPS and the AMP thanatin influence the conforma-
tional dynamics of K. pneumoniae LptDE coupling experiments
and MD simulations. Specifically, they shed light into the mecha-
nism by which bacterial LPS impacts LptDE dynamics by perform-
ing AA-MD simulations of the LptDE complex in its closed and
open states. It should be pointed out that to insert the LptDE com-
plex in the bilayer, they employed a serial multiscale approach,
since this strategy has been recognized as powerful for incorporat-
ing proteins into lipid bilayers [119]. Hence, they firstly carried out
CG-MD simulations of LptDE embedded in a bilayer; the final snap-
shot of the simulations was converted back to atomistic resolution
and AA-MD simulations were run. This way, enhanced sampling by
coarse-graining enables efficiently attaining the appropriate inser-
tion of LptDE into the bilayer, whereas the AA-MD simulations pro-
vide the atomic details that are required to accurate investigate the
system under study. This strategy is also known as backmapping or
reverse mapping and makes possible merging the efficiency of CG
models and the accuracy of AA ones, which in turn enables reach-
ing larger time and length scales while ensuring atomic details
[120-123].

In light of the studies of Araujo et al. [101], Gulistan et al. [24],
and Panda et al. [34], it can be rationalized that investigating the
interaction of target enzymes and potential inhibitors can be
addressed by AA-MD simulations. Hence, the use of enhanced sam-
pling methods and/or special-purpose MD supercomputers is not
needed, since these are simpler systems compared to those that
are modeled for exploring phenomena related to the LPS pathway,
which requires adopting the above-mentioned strategies. On the
other hand, the works discussed throughout this section demon-
strate that free energy calculations can be performed for different
purposes. More specifically, the binding free energy to assess the
binding ability of the inhibitors (ligands) towards the enzyme (re-
ceptor) may be estimated using end-point methods, which consid-
erably reduces the computational cost of the calculations
compared to alchemical free-energy methods [105]. However,
determining the energetic cost of a stage (e.g., the lateral gate
opening in LptD) requires calculating the free energy as a function
of a reaction coordinate. For that purpose, methods such as US (or
REUS) are used instead of end-point methods. This is similar to the
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calculation of the permeation free energy to determine the exis-
tence of barriers for the passage of exogenous molecules across
bacterial membranes that was discussed in section 2.1, where
the use of ABF or USMD for that purpose was pointed out.

On the basis of the strategies followed in the above-mentioned
studies, which contribute to the design of molecules able to disrupt
LPS synthesis, it can be recognized that the role of MD simulations
in these investigations entails elucidating the molecular mecha-
nism of the inhibition of enzymes involved in the LPS synthesis
and unraveling the key steps of LPS synthesis. Hence, these works
demonstrate that the coupling of MD simulations and free energy
calculations provides valuable insights into the molecular basis of
both the synthesis pathway of LPS molecules and the interaction
mechanisms between the targets and hit compounds. Particularly,
gaining insights into key steps of the LPS synthesis pathway facil-
itates the identification of enzymes as targets for inhibitors design.
It is noteworthy that crucial knowledge for the design of these
inhibitors is derived by combining MD simulations of the target-
hit complex and free energy calculations. In this way, the nature
of the binding and the residues that are key for the interaction
can be identified, and the number of potential hits can be reduced
by ranking them according to their affinity to the target. This infor-
mation might be valuable for designing inhibitors with strong abil-
ity to target enzymes involved in LPS synthesis.

3. Force fields in LPS research

In the previous sections, one of the bottlenecks of MD simula-
tions, namely, the access to biologically relevant time scales, has
been addressed, and the use of several enhanced sampling meth-
ods to overcome this limitation has been discussed. However, the
applicability of MD simulations is also limited by the accuracy of
the force fields that are employed to describe the interactions
between particles (i.e., atoms in AA or beads in CG simulations)
[44,45,74]. Particularly, simulating LPS bilayers and OM systems,
which is key for investigating and surmounting the barrier func-
tion of LPS as deduced from the systems included in Table 1, is
hampered by the parameterization of LPS [17,128]. Thereby, LPS
parameterizations have been developed for several force fields
(such as CHARMM36, and GROMOS) over the years; differences
between these parameterizations include the LPS protonation state
[17,129]. It should be pointed out, however, that force-field param-
eters for LPS are typically transferred from the description of sim-
ilar groups in the force fields rather than specifically parameterized
from e.g. quantum-mechanical calculations on LPS. According to
Table 1, GROMOS 53A6 and CHARMM36 are the force fields for
LPS commonly used in AA-MD simulations, whereas the MARTINI
force field is utilized when LPS is modeled at the CG level. The
CHARMM LPS force field and corresponding CG models assign a
charge of —2 to the lipid A phosphates, whereas the studies using
GROMOS-based force fields and MARTINI models typically assign a
charge of —1 to these groups [17]. Investigating how phosphate
charge affects bilayer properties was addressed by Rice and
coworkers [17] to characterize these differences of the force fields.
They concluded that at or near physiological pH the charge of the
lipid A phosphate groups should be —1 in order to obtain more rea-
sonable results. Thereby, they recommended that LPS force field
parameterizations should be updated to correct the charge of the
lipid A phosphate groups.

Apart from LPS parameterization, appropriate ions parameteri-
zations are also key to gain reliable insights from MD simulations
of LPS systems, since simulations of charged lipid bilayers are seri-
ously affected by the overbinding of ions to the lipid head groups
[130-132]. For instance, Luna et al. [94] employed parameters for
Ca?* ions that were calibrated to match experimental data. On
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the other hand, Rahnamoun et al. [12] found that binding of cations
(Na* and K*) to LPS molecules was overestimated when simula-
tions of LPS bilayers loaded with these monovalent cations were
performed considering the standard CHARMM36 parameters.
Therefore, they used a modified CHARMM36 force field with the
non-bonded fix (NBFIX) parameters, which led them to in silico
determined effective mean molecular areas per LPS that were in
agreement with LPS mean molecular areas derived from Langmuir
film balance experiments.

Overall, deriving reliable insights about the LPS barrier function
from MD simulations requires the use of appropriate parameteri-
zations for the LPS molecules and for the ions involved in the sys-
tem. Hence, the considerations underlaying the different force
fields should be carefully inspected so that the systems under
investigation could be accurately simulated.

4. How are MD simulations and wet-lab experiments combined
in LPS research?

The important role that MD simulations can play in the fight
against antibiotic resistance, either shedding light into the barrier
function and synthesis pathway of LPS or designing molecules for
circumventing LPS defenses or disrupting its synthesis, has been
demonstrated in previous sections. However, various of these
reviewed studies do not use exclusively MD simulations, but they
combine this in silico method with wet-lab experiments. Coupling
MD simulations and experiments in different ways yields comple-
mentary views of the phenomena to be investigated. Understand-
ing how MD and wet-lab experiments are combined for moving a
step forward in LPS research is important in order to endorse the
significance of this in silico method for tackling the challenge of
antibiotic resistance. Therefore, we will now discuss representative
examples of studies that combine MD and wet-lab experiments in
order to move forward on the design of strategies to overcome
antibiotic resistance, thus emphasizing the crucial implications
that MD has on the experimental work.

MD is typically used to provide insights that promote the com-
prehension of the molecular basis of the investigated phenomena
and to support the experimental findings. For instance, Schultz
et al. [126] made use of different experimental techniques and
MD simulations in order to characterize point mutations for dis-
rupting the dimerization of the LPS transport protein LptC. While
they elucidated the mutants responsible for disrupting the dimer
and assessed the functional implications of monomeric LptC, MD
simulations enabled them to unveil both the molecular interac-
tions that guide LptC dimerization and how the mutations affect
such interaction. Furthermore, Rahnamoun et al. [12] combined
MD simulations and experiments to determine how the ionic envi-
ronment affects LPS packing. Although MD simulations enabled
them to gain a molecular view about these phenomena, they also
determined the degree of LPS aggregation computational and
experimentally. Thereby, they compared the LPS mean molecular
area derived in silico and experimentally and found that both of
them were in agreement.

Furthermore, MD simulations have been also used to study
events that cannot been experimentally investigated, for example,
due to experimental difficulties, the impossibility of experimen-
tally measure some properties or because the process under inves-
tigation takes place in time scales where experimental
observations could not be derived. Thus, since the rapidity at
which the initial interactions between LPS and the human AMP
LL-37 occur prevents them from being studied at the molecular
level by experimental techniques, Martynowycz et al. [66] com-
bined MD simulations and experiments in order to investigate
how PhoPQ-mediated S. enterica LPS modifications change the bac-
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terial susceptibility to LL-37. Specifically, they performed MD sim-
ulations in order to elucidate the initial stage of the LL-37/LPS
association, whereas the equilibrium states of LPS monolayers both
before and after their interaction with LL-37, which take place at
longer time scales, were experimentally addressed. Additionally,
experimental difficulties (e.g., low solubility in water of lipid A,
or the inhomogeneity of lipid A preparations) may hinder the
investigation of the mechanism by which polymyxins permeabilize
the bacterial OM; however, MD simulations could enable the elu-
cidation of such mechanism, as demonstrated by Santos and
coworkers[40], who depicted the initial steps of PMB mechanism
of action through AA-MD simulations. Similarly, molecular insights
into the permeation of small molecules into bacterial IM and OM
were provided by Sharma et al. [33] combining MD simulations
and experiments. Specifically, they were unable to experimentally
determine the location of the free-energy barrier for translocation;
however, they found, through MD simulations and free energy cal-
culations, the presence of a barrier to thymol insertion in the core
oligosaccharide region.

Finally, MD simulations can drive experimental work when
findings derived in silico are used for guiding the performance of
experiments. In this regard, Bohl and coworkers [125] used MD
simulations to disclose important knowledge about the substrate
binding in the cap of LpxH, an enzyme involved in LPS synthesis.
The simulations not only enabled them to provide evidence about
the dynamic character of such binding cap, which was not appar-
ent from the LpxH crystal structure, but also, to identify key resi-
dues for LpxH activity. Subsequently, the in silico predicted
residues were experimentally mutated, and Bohl et al. [125] con-
firmed the importance of such residues for the LpxH activity.

Collectively, taking advantage of the microscopic details that
MD provides and the evidence of wet-lab experiments is crucial
for progressing on the development of strategies for fighting
against antibiotic resistance. Particularly, in this section we have
demonstrated that MD simulations can be combined with experi-
ments in different ways. Thereby, MD can be used to study phe-
nomena that cannot be experimentally accessed, thus
complementing experimental findings. Additionally, when per-
formed prior to experiments, MD insights can guide experimental
work. On the other hand, some properties of the system under
investigation can be both in silico and experimentally determined,
thus supporting the validity of both results. All in all, regardless of
how they are combined, the important knowledge that can be
derived from the coupling of MD and experiments is key for shed-
ding light into LPS phenomena, and thus contribute to overcome
the challenge of Gram-negative bacteria resistance.

5. Summary and outlook

The role of LPS in the emergence of antibiotic resistance calls for
the investigation of LPS phenomena that promote such barrier
against the influx of exogenous molecules (e.g., antibiotics) intro
Gram-negative bacteria. In this regard, due to the in-depth insights
that MD provides, this in silico method, on its own or in combina-
tion with enhanced sampling and/or free energy calculation meth-
ods, has become a potential tool for shedding light into the
mechanisms that underlie LPS synthesis and barrier function and
for moving forward on the design of molecules for overcoming
LPS defenses or disrupting its synthesis, as it has been demon-
strated throughout this work. Particularly, the use of enhanced
sampling approaches coupled with MD simulations has enabled
bridging the gap between the biologically meaningful length and
time scales and those that can be accessed by MD simulations.
Despite the outstanding advances made in LPS research through
MD simulations, further progress in the fight against antibiotic
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resistance relies on exploring phenomena that take place on time
and length scales that could be beyond the reach of current day
MD simulations. In this regard, the complexity of the Gram-
negative bacterial cell envelope hampers the development of more
realistic models of the bacterial envelope, that could include simul-
taneously the OM, IM and peptidoglycan cell wall, several compo-
nents in the outer leaflet of the OM, apart from LPS, and proteins in
both the inner and outer membranes, etc. Additionally, the system
size makes it extremely challenging to simulate the whole Gram-
negative bacterial membrane (e.g., E. coli has a radius of about
0.5 pm and is 1-2 pum long) [133] on relevant time scales; more-
over, the slow diffusion of LPS molecules hinders the investigation
of the equilibrium behavior of LPS systems. At the other end of the
spectrum, quantum-level calculations are also required in order to
procure a complete understanding about several LPS-related phe-
nomena, such as, the enzymatic processes that take place in bacte-
rial membranes and that can contribute to the antibiotic resistance
of Gram-negative bacteria. Under those situations, performing
multiscale MD simulations could be understood as a potential
strategy to move forward on the elucidation of LPS phenomena
that assist the surmounting of the resistance to antibiotics of
Gram-negative bacteria.

On the whole, this work provides a comprehensive overview
about the significance of MD simulations for exploring and under-
standing LPS phenomena, and demonstrates that this in silico
method has become an essential tool for the rational design of
strategies for surmounting the resistance to antibiotics of Gram-
negative bacteria. We have reviewed articles that cover the last five
years of LPS research, focusing specially on the use of MD com-
bined with several computational methods (i.e., enhanced sam-
pling and free energy calculation methods), and highlighting the
possibility of using special-purpose MD supercomputers. We have
also emphasized the role of MD simulations for influencing exper-
imental work and the importance of appropriate LPS and ions
parameterization to obtain reliable results. Despite the challenge
of accessing to longer time scales and larger and more complex
systems that MD is facing, this review highlights how deeply MD
simulations are embedded in the fight against antibiotic resistance
and foresees great hopes for MD in that field.

CRediT authorship contribution statement

Cristina Gonzalez-Fernandez: Investigation, Writing - original
draft, Writing - review & editing, Visualization. Eugenio Bringas:
Conceptualization, Supervision. Chris Oostenbrink: Writing -
review & editing. Inmaculada Ortiz: Writing - review & editing,
Supervision, Project administration, Funding acquisition.

Declaration of Competing Interest

The authors declare that they have no known competing finan-
cial interests or personal relationships that could have appeared
to influence the work reported in this paper.

Acknowledgements

Financial support from the Spanish Ministry of Science, Innova-
tion and Universities under the project RTI2018-093310-B-100 is
gratefully acknowledged.

Reference

[1] Baltoumas FA, Hamodrakas SJ, Iconomidou VA. The Gram-negative outer
membrane modeler: Automated building of lipopolysaccharide-rich bacterial
outer membranes in four force fields. ] Comput Chem 2019;40:1727-34.
https://doi.org/10.1002/jcc.25823.

5898

Computational and Structural Biotechnology Journal 20 (2022) 5886-5901

[2] Sperandeo P, Martorana AM, Polissi A. Lipopolysaccharide biogenesis and
transport at the outer membrane of Gram-negative bacteria. Biochim Biophys
Acta - Mol Cell Biol Lipids 2017;1862:1451-60. https://doi.org/10.1016/j.
bbalip.2016.10.006.

[3] Jefferies D, Shearer J, Khalid S. Role of O-antigen in response to mechanical
stress of the E. coli outer membrane: insights from coarse-grained MD
simulations. ] Phys Chem B 2019;123:3567-75. https://doi.org/10.1021/acs.
jpcb.8b12168.

[4] Lundquist KP, Gumbart JC. Presence of substrate aids lateral gate separation
in LptD. Biochim Biophys Acta Biomembr 2020;1862:. https://doi.org/
10.1016/j.bbamem.2019.07.013183025.

[5] Domalaon R, Idowu T, Zhanel GG, Schweizer F. Antibiotic hybrids: The next
generation of agents and adjuvants against gram-negative pathogens? Clin
Microbiol Rev 2018;31:e00077-e117. https://doi.org/10.1128/CMR.00077-
17.

[6] Artner D, Oblak A, Ittig S, Garate JA, Horvat S, Arrieumerlou C, et al.
Conformationally constrained lipid A mimetics for exploration of structural
basis of TLR4/MD-2 activation by lipopolysaccharide. ACS Chem Biol
2013;8:2423-32. https://doi.org/10.1021/cb4003199.

[7] Gao Y, Lee ], Widmalm G, Im W. Modeling and simulation of bacterial outer
membranes with lipopolysaccharides and enterobacterial common antigen. J
Phys Chem B 2020;124:5948-56. https://doi.org/10.1021/acs.jpcb.0c03353.

[8] Knirel YAV, Bacterial Lipopolysaccharides MA. Structure, Chemical Synthesis,
Biogenesis and Interactions with Host Cells. New York: Springer:; 2021.

[9] Bertani B, Ruiz N. Function and biogenesis of Lipopolysaccharides. EcoSal Plus
2018;8:1-19. https://doi.org/10.1128/ecosalplus.esp-0001-2018.

[10] Petsch D, Anspach FB. Endotoxin removal from protein solutions. ] Biotechnol
2000;76:97-119. https://doi.org/10.1016/S0168-1656(99)00185-6.

[11] Steimle A, Autenrieth IB, Frick JS. Structure and function: Lipid A
modifications in commensals and pathogens. Int ] Med Microbiol
2016;306:290-301. https://doi.or X J.ijmm.2016.03.001.

[12] Rahnamoun A, Kim K, Pedersen JA, Hernandez R. Ionic environment affects

bacterial  lipopolysaccharide  packing and  function. Langmuir

2020;36:3149-58. https://doi.org/10.1021/acs.Jangmuir.9b03162.

Garate JA, Oostenbrink C. Lipid A from lipopolysaccharide recognition:

Structure, dynamics and cooperativity by molecular dynamics simulations.

Proteins Struct Funct Bioinforma 2013;81:658-74. https://doi.org/10.1002/

prot.24223.

Sampath V. Bacterial endotoxin-lipopolysaccharide; structure, function and

its role in immunity in vertebrates and invertebrates. Agric Nat Resour

2018;52:115-20. https://doi.org/10.1016/j.anres.2018.08.002.

Huber RG, Berglund NA, Kargas V, Marzinek JK, Holdbrook DA, Khalid S, et al.

A thermodynamic funnel drives bacterial lipopolysaccharide transfer in the

TLR4 pathway. Structure 2018;26:1151-61. https://doi.org/10.1016/j.

str.2018.04.007.

Vaara M, Nurminen M. Outer membrane permeability barrier in Escherichia

coli mutants that are defective in the late acyltransferases of lipid A

biosynthesis. Antimicrob Agents Chemother 1999;43:1459-62. https://doi.

org/10.1128/aac.43.6.1459.

Rice A, Rooney MT, Greenwood Al, Cotten ML, Wereszczynski J.

Lipopolysaccharide Simulations Are Sensitive to Phosphate Charge and lon

Parameterization. ] Chem Theory Comput 2020;16:1806-15. https://doi.org/

10.1021/acs.jctc.9b00868.

Kesireddy A, Pothula KR, Lee ], Patel DS, Pathania M, van den Berg B, et al.

Modeling of specific Lipopolysaccharide binding sites on a Gram-negative

porin. J Phys Chem B 2019;123:5700-8. https://doi.org/10.1021/acs.

[13]

[14]

[15]

[16]

[17]

[18]

jpcb.9b03669.
[19] Rosenfeld Y, Shai Y. Lipopolysaccharide (endotoxin)-host defense
antibacterial peptides interactions: role in bacterial resistance and

prevention of sepsis. Biochim Biophys Acta 2006;1758:1513-22. https://
doi.org/10.1016/j.bbamem.2006.05.017.

Cote JM, Ramirez-Mondragon CA, Siegel ZS, Czyzyk DJ, Gao ], Sham YY, et al.
The stories tryptophans tell: exploring protein dynamics of
heptosyltransferase 1 from Escherichia coli. Biochemistry 2017;56:886-95.

[20]

https://doi.org/10.1021/acs.biochem.6b00850.
[21] Miyake K. Innate recognition of lipopolysaccharide by Toll-like receptor 4-
MD-2. Trends Microbiol 2004;12:186-92. https://doi.org/10.1016/

j.tim.2004.02.009.

Borio A, Holgado A, Garate JA, Beyaert R, Heine H, Zamyatina A. Disaccharide-
based anionic amphiphiles as potent inhibitors of lipopolysaccharide-induced
inflammation. ChemMedChem 2018;13:2317-31. https://doi.org/10.1002/
cmdc.201800505.

Boags A, Hsu PC, Samsudin F, Bond PJ, Khalid S. Progress in molecular
dynamics simulations of Gram-negative bacterial cell envelopes. ] Phys Chem
Lett 2017;8:2513-8. https://doi.org/10.1021/acs.jpclett.7b00473.

Gulistan T, Ahmad S, Azam SS. Conformational transition of Acinetobacter
baumannii KdsC enzyme and the role of magnesium in binding: An insight
from comparative molecular dynamics simulation and its implications in
novel antibiotics design. ] Mol Graph Model 2020;99:. https://doi.org/
10.1016/j.jmgm.2020.107625107625.

Kang JH, Super M, Yung CW, Cooper RM, Domansky K, Graveline AR, et al. An
extracorporeal blood-cleansing device for sepsis therapy. Nat Med
2014;20:1211-6. https://doi.org/10.1038/nm.3640.

Mobley DL, Gilson MK. Predicting binding free energies: Frontiers and
benchmarks. Annu Rev Biophys 2017;46:531-58. https://doi.org/10.1146/
annurev-biophys-070816-033654.

[22]

[23]

[24]

[25]

[26]



https://doi.org/10.1002/jcc.25823
https://doi.org/10.1016/j.bbalip.2016.10.006
https://doi.org/10.1016/j.bbalip.2016.10.006
https://doi.org/10.1021/acs.jpcb.8b12168
https://doi.org/10.1021/acs.jpcb.8b12168
https://doi.org/10.1016/j.bbamem.2019.07.013
https://doi.org/10.1016/j.bbamem.2019.07.013
https://doi.org/10.1128/CMR.00077-17
https://doi.org/10.1128/CMR.00077-17
https://doi.org/10.1021/cb4003199
https://doi.org/10.1021/acs.jpcb.0c03353
http://refhub.elsevier.com/S2001-0370(22)00486-X/h0040
http://refhub.elsevier.com/S2001-0370(22)00486-X/h0040
https://doi.org/10.1128/ecosalplus.esp-0001-2018
https://doi.org/10.1016/S0168-1656(99)00185-6
https://doi.org/10.1016/j.ijmm.2016.03.001
https://doi.org/10.1021/acs.langmuir.9b03162
https://doi.org/10.1002/prot.24223
https://doi.org/10.1002/prot.24223
https://doi.org/10.1016/j.anres.2018.08.002
https://doi.org/10.1016/j.str.2018.04.007
https://doi.org/10.1016/j.str.2018.04.007
https://doi.org/10.1128/aac.43.6.1459
https://doi.org/10.1128/aac.43.6.1459
https://doi.org/10.1021/acs.jctc.9b00868
https://doi.org/10.1021/acs.jctc.9b00868
https://doi.org/10.1021/acs.jpcb.9b03669
https://doi.org/10.1021/acs.jpcb.9b03669
https://doi.org/10.1016/j.bbamem.2006.05.017
https://doi.org/10.1016/j.bbamem.2006.05.017
https://doi.org/10.1021/acs.biochem.6b00850
https://doi.org/10.1016/j.tim.2004.02.009
https://doi.org/10.1016/j.tim.2004.02.009
https://doi.org/10.1002/cmdc.201800505
https://doi.org/10.1002/cmdc.201800505
https://doi.org/10.1021/acs.jpclett.7b00473
https://doi.org/10.1016/j.jmgm.2020.107625
https://doi.org/10.1016/j.jmgm.2020.107625
https://doi.org/10.1038/nm.3640
https://doi.org/10.1146/annurev-biophys-070816-033654
https://doi.org/10.1146/annurev-biophys-070816-033654

C. Gonzdlez-Ferndndez, E. Bringas, C. Oostenbrink et al.

[27] Katiyar RS, Jha PK. Molecular simulations in drug delivery: Opportunities and
challenges. Wiley Interdiscip Rev Comput Mol Sci 2018;8:. https://doi.org/
10.1002/wcms.1358e1358.

[28] Badar M, Shamsi S, Ahmed ], Alam A. Molecular dynamics simulations:
concept, methods and applications. Springer Nature 2020;3:337-41.

[29] Vincens E, Plassiard JP, Fry ], editors. Dry Stone Retaining Structures: DEM
Modeling. Elsevier; 2016.

[30] Gonzélez-Fernandez C, Basauri A, Fallanza M, Bringas E, Oostenbrink C, Ortiz
I. Fighting against bacterial lipopolysaccharide-caused infections through
molecular dynamics simulations: A review. ] Chem Inf Model
2021;61:4839-51. https://doi.org/10.1021/acs.jcim.1c00613.

[31] Kotra LP, Golemi D, Amro NA, Liu GY, Mobashery S. Dynamics of the
lipopolysaccharide assembly on the surface of Escherichia coli. ] Am Chem Soc
1999;121:8707-11. https://doi.org/10.1021/ja991374z.

[32] Lins RD, Straatsma TP. Computer simulation of the rough lipopolysaccharide

membrane of Pseudomonas aeruginosa. Biophys ] 2001;81:1037-46. https://

doi.org/10.1016/S0006-3495(01)75761-X.

Sharma P, Parthasarathi S, Patil N, Waskar M, Raut JS, Puranik M, et al.

Assessing Barriers for Antimicrobial Penetration in Complex Asymmetric

Bacterial Membranes: A Case Study with Thymol. Langmuir

2020;36:8800-14. https://doi.org/10.1021/acs.Jangmuir.0c01124.

Panda SK, Saxena S, Guruprasad L. Homology modeling, docking and

structure-based virtual screening for new inhibitor identification of

Klebsiella pneumoniae heptosyltransferase-Ill. ] Biomol Struct Dyn

2020;38:1887-902. https://doi.org/10.1080/07391102.2019.1624296.

Bhattacharjya S, David SA, Mathan VI, Balaram P. Polymyxin B nonapeptide:

conformations in water and in the lipopolysaccharide-bound state

determined by two- dimensional NMR and molecular dynamics.

Biopolymers 1997;41:251-65.

Cochet F, Facchini FA, Zaffaroni L, Billod JM, Coelho H, Holgado A, et al. Novel

carboxylate-based glycolipids: TLR4 antagonism, MD-2 binding and self-

assembly properties. Sci Rep 2019;9:919. https://doi.org/10.1038/s41598-

018-37421-w.

Ladefoged LK, Zeppelin T, Schigtt B. Molecular modeling of neurological

membrane proteins — from binding sites to synapses. Neurosci Lett

2019;700:38-49. https://doi.org/10.1016/j.neulet.2018.05.034.

[38] Hollingsworth SA, Dror RO. Molecular dynamics simulation for all. Neuron
2018;99:1129-43. https://doi.org/10.1016/j.neuron.2018.08.011.

[39] Karplus M, McCammon JA. Molecular dynamics simulations of biomolecules.
Nat Struct Biol 2002;9:646-52. https://doi.org/10.1038/nsb0902-646.

[40] Santos DES, Pol-Fachin L, Lins RD, Soares TA. Polymyxin binding to the

bacterial outer membrane reveals cation displacement and increasing

membrane curvature in susceptible but not in resistant lipopolysaccharide
chemotypes. ] Chem Inf Model 2017;57:2181-93. https://doi.org/10.1021/
acs.jcim.7b00271.

Kargas V, Marzinek JK, Holdbrook DA, Yin H, Ford RC, Bond PJ. A polar SxxS

motif drives assembly of the transmembrane domains of Toll-like receptor 4.

Biochim Biophys Acta - Biomembr 2017;1859:2086-95. https://doi.org/

10.1016/j.bbamem.2017.07.010.

Tafazzol A, Duan Y. Key residues in TLR4-MD?2 tetramer formation identified

by free energy simulations. PLoS Comput Biol 2019;15:. https://doi.org/

10.1371/journal.pcbi.1007228e1007228.

Casalini T. Not only in silico drug discovery: Molecular modeling towards in

silico drug delivery formulations. ] Control Release 2021;332:390-417.

https://doi.org/10.1016/j.jconrel.2021.03.005.

[44] Dror RO, Dirks RM, Grossman JP, Xu H, Shaw DE. Biomolecular simulation: A
computational microscope for molecular biology. Annu Rev Biophys
2012;41:429-52. https://doi.org/10.1146/annurev-biophys-042910-155245.

[45] Mortier ], Rakers C, Bermudez M, Murgueitio MS, Riniker S, Wolber G. The
impact of molecular dynamics on drug design: Applications for the
characterization of ligand-macromolecule complexes. Drug Discov Today
2015;20:686-702. https://doi.org/10.1016/j.drudis.2015.01.003.

[46] Ikebe J, Umezawa K, Higo ]J. Enhanced sampling simulations to construct free-
energy landscape of protein-partner substrate interaction. Biophys Rev
2016;8:45-62. https://doi.org/10.1007/s12551-015-0189-7.

[47] Kar P, Feig M. Recent advances in transferable coarse-grained modeling of
proteins. Adv Protein Chem Struct Biol 2014;96:143-80. https://doi.org/
10.1016/bs.apcsb.2014.06.005.

[48] Wang AH, Zhang ZC, Li GH. Advances in enhanced sampling molecular
dynamics simulations for biomolecules. Chinese ] Chem Phys
2019;32:277-86. https://doi.org/10.1063/1674-0068/cicp1905091.

[49] Rogal ]. Reaction coordinates in complex systems-a perspective. Eur Phys ] B
2021;94:223.

[50] Bittracher A, Banisch R, Schiitte C. Data-driven computation of molecular
reaction coordinates. ] Chem Phys 2018;149:. https://doi.org/10.1063/
1.5035183154103.

[51] McGibbon RT, Husic BE, Pande VS. Identification of simple reaction
coordinates from complex dynamics. ] Chem Phys 2017;146:. https://doi.
org/10.1063/1.4974306044109.

[52] Kdstner ]. Umbrella sampling. Wiley Interdiscip Rev Comput Mol Sci
2011;1:932-42. https://doi.org/10.1002/wcms.66.

[53] Peters B. Reaction Coordinates and Mechanistic Hypothesis Tests. Annu Rev
Phys Chem 2016;67:669-90. https://doi.org/10.1146/annurev-physchem-
040215-112215.

[33]

[34]

[35]

[36]

[37]

[41]

[42]

[43]

5899

Computational and Structural Biotechnology Journal 20 (2022) 5886-5901

[54] Shaw DE, Deneroff MM, Dror RO, Kuskin ]S, Larson RH, Salmon JK, et al. Anton,
a special-purpose machine for molecular dynamics simulation. Commun
ACM 2008;51:91-7. https://doi.org/10.1145/1364782.1364802.

Shaw DE, Grossman JP, Bank JA, Batson B, Butts JA, Chao JC, et al. Anton 2:

Raising the Bar for Performance and Programmability in a Special-Purpose

Molecular Dynamics Supercomputer. Int Conf High Perform Comput

Networking, Storage Anal SC 2014;2015-January:41-53. https://doi.org/

10.1109/SC.2014.9.

Higo J, lkebe ], Kamiya N, Nakamura H. Enhanced and effective

conformational sampling of protein molecular systems for their free energy

landscapes. Biophys Rev 2012;4:27-44. https://doi.org/10.1007/s12551-011-

0063-6.

Amisaki T, Toyoda S, Miyagawa H, Kitamura K. Development of hardware

accelerator for molecular dynamics simulations: A computation board that

calculates nonbonded interactions in cooperation with fast multipole
method. ] Comput Chem 2003;24:582-92. https://doi.org/10.1002/jcc.10193.

[58] Padua E. Encyclopedia of prallel computing. Springer; 2011.

[59] Fogolari F, Corazza A, Esposito G. Free energy, enthalpy and entropy from
implicit solvent end-point simulations. Front Mol Biosci 2018;5:11. https://
doi.org/10.3389/fmolb.2018.00011.

[60] Naim M, Bhat S, Rankin KN, Dennis S, Chowdhury SF, Siddiqi I, et al. Solvated
Interaction Energy (SIE) for scoring protein-ligand binding affinities. 1.
Exploring the parameter space. ] Chem Inf Model 2007;47:122-33. https://
doi.org/10.1021/ci600406v.

[61] Hall R, Dixon T, Dickson A. On Calculating Free Energy Differences Using
Ensembles of Transition Paths. Front Mol Biosci 2020;7:106. https://doi.org/
10.3389/fmolb.2020.00106.

[62] van Gunsteren WF, Daura X, Mark AE. Computation of Free Energy. Helv Chim
Acta 2002;85:3113-29. https://doi.org/10.1007/978-3-540-70529-1 267.

[63] You W, Tang Z, Chang CEA. Potential Mean Force from Umbrella Sampling

Simulations: What Can We Learn and What Is Missed? J Chem Theory

Comput 2019;15:2433-43. https://doi.org/10.1021/acs.jctc.8b01142.

Batista MRB, Watts A, Costa-Filho AJ. Exploring Conformational Transitions

and Free-Energy Profiles of Proton-Coupled Oligopeptide Transporters. ]

Chem Theory Comput 2019;15:6433-43. https://doi.org/10.1021/acs.

jctc.9b00524.

Nikaido H. Prevention of drug access to bacterial targets: permeability

barriers and active efflux. Science 1994;264:382-8. https://doi.org/

10.1126/science.8153625.

Martynowycz MW, Rice A, Andreev K, Nobre TM, Kuzmenko I, Wereszczynski

], et al. Salmonella membrane structural remodeling increases resistance to

antimicrobial peptide LL-37. ACS Infect Dis 2019;5:1214-22. https://doi.org/

10.1021/acsinfecdis.9b00066.

Rice A, Wereszczynski ]. Atomistic scale effects of lipopolysaccharide

modifications on bacterial outer membrane defenses. Biophys ]

2018;114:1389-99. https://doi.org/10.1016/j.bpj.2018.02.006.

Murata T, Tseng W, Guina T, Miller SI, Nikaido H. PhoPQ-mediated regulation

produces a more robust permeability barrier in the outer membrane of

Salmonella enterica serovar typhimurium. ] Bacteriol 2007;189:7213-22.

https://doi.org/10.1128/]B.00973-07.

Patel DS, Re S, Wu EL, Qi Y, Klebba PE, Widmalm G, et al. Dynamics and

Interactions of OmpF and LPS: Influence on Pore Accessibility and lon

Permeability. Biophys ] 2016;110:930-8. https://doi.org/10.1016/j.

Adams PG, Lamoureux L, Swingle KL, Mukundan H, Montafio GA.

Lipopolysaccharide-induced dynamic lipid membrane reorganization:

Tubules, perforations, and stacks. Biophys ] 2014;106:2395-407. https://

doi.org/10.1016/j.bpj.2014.04.016.

Comer J, Gumbart JC, Hénin ], Lelievre T, Pohorille A, Chipot C. The adaptive

biasing force method: Everything you always wanted to know but were afraid

to ask. ] Phys Chem B 2015;119:1129-51. https://doi.org/10.1021/jp506633n.

[72] Shearer ], Jefferies D, Khalid S. Outer Membrane Proteins OmpA, FhuA, OmpF,

EstA, BtuB, and OmpX Have Unique Lipopolysaccharide Fingerprints. ] Chem

Theory Comput 2019;15:2608-19. https://doi.org/10.1021/acs.jctc.8b01059.

Arunmanee W, Pathania M, Solovyova AS, Le Brun AP, Ridley H, Baslé A, et al.

Gram-negative trimeric porins have specific LPS binding sites that are

essential for porin biogenesis. Proc Natl Acad Sci U S A 2016;113:E5034-43.

https://doi.org/10.1073/pnas.1602382113.

Singh N, Li W. Recent advances in coarse-grained models for biomolecules

and their applications. Int ] Mol Sci 2019;20:3774. https://doi.org/10.3390/

ijms20153774.

Lorenz C, Doltsinis NL. Molecular dynamics simulation: From “ab initio” to

“coarse grained”. In: Handbook of Computational Chemistry. Springer Science

+Business Media; 2012. p. 195-238. https://doi.org/10.1007/978-94-007-

0711-5 7.

Putz [, Brock O. Elastic network model of learned maintained contacts to

predict protein motion. PLoS ONE 2017;12:. https://doi.org/10.1371/journal.

pone.0183889e0183889.

[77] Togashi Y, Flechsig H. Coarse-grained protein dynamics studies using elastic
network models. Int ] Mol Sci 2018;19:3899. https://doi.org/10.3390/

ijms19123899.

[78] Periole X, Cavalli M, Marrink SJ, Ceruso MA. Combining an elastic network
with a coarse-grained molecular force field: Structure, dynamics, and
intermolecular recognition. J Chem Theory Comput 2009;5:2531-43.
https://doi.org/10.1021/ct9002114.

[55]

[56]

[57]

[64]

[65]

[66]

[67]

[68]

[69]

[70]

[71]

[73]

[74]

[75]

[76]



https://doi.org/10.1002/wcms.1358
https://doi.org/10.1002/wcms.1358
http://refhub.elsevier.com/S2001-0370(22)00486-X/h0140
http://refhub.elsevier.com/S2001-0370(22)00486-X/h0140
http://refhub.elsevier.com/S2001-0370(22)00486-X/h0145
http://refhub.elsevier.com/S2001-0370(22)00486-X/h0145
https://doi.org/10.1021/acs.jcim.1c00613
https://doi.org/10.1021/ja991374z
https://doi.org/10.1016/S0006-3495(01)75761-X
https://doi.org/10.1016/S0006-3495(01)75761-X
https://doi.org/10.1021/acs.langmuir.0c01124
https://doi.org/10.1080/07391102.2019.1624296
http://refhub.elsevier.com/S2001-0370(22)00486-X/h0175
http://refhub.elsevier.com/S2001-0370(22)00486-X/h0175
http://refhub.elsevier.com/S2001-0370(22)00486-X/h0175
http://refhub.elsevier.com/S2001-0370(22)00486-X/h0175
https://doi.org/10.1038/s41598-018-37421-w
https://doi.org/10.1038/s41598-018-37421-w
https://doi.org/10.1016/j.neulet.2018.05.034
https://doi.org/10.1016/j.neuron.2018.08.011
https://doi.org/10.1038/nsb0902-646
https://doi.org/10.1021/acs.jcim.7b00271
https://doi.org/10.1021/acs.jcim.7b00271
https://doi.org/10.1016/j.bbamem.2017.07.010
https://doi.org/10.1016/j.bbamem.2017.07.010
https://doi.org/10.1371/journal.pcbi.1007228
https://doi.org/10.1371/journal.pcbi.1007228
https://doi.org/10.1016/j.jconrel.2021.03.005
https://doi.org/10.1146/annurev-biophys-042910-155245
https://doi.org/10.1016/j.drudis.2015.01.003
https://doi.org/10.1007/s12551-015-0189-z
https://doi.org/10.1016/bs.apcsb.2014.06.005
https://doi.org/10.1016/bs.apcsb.2014.06.005
https://doi.org/10.1063/1674-0068/cjcp1905091
http://refhub.elsevier.com/S2001-0370(22)00486-X/h0245
http://refhub.elsevier.com/S2001-0370(22)00486-X/h0245
https://doi.org/10.1063/1.5035183
https://doi.org/10.1063/1.5035183
https://doi.org/10.1063/1.4974306
https://doi.org/10.1063/1.4974306
https://doi.org/10.1002/wcms.66
https://doi.org/10.1146/annurev-physchem-040215-112215
https://doi.org/10.1146/annurev-physchem-040215-112215
https://doi.org/10.1145/1364782.1364802
https://doi.org/10.1007/s12551-011-0063-6
https://doi.org/10.1007/s12551-011-0063-6
https://doi.org/10.1002/jcc.10193
http://refhub.elsevier.com/S2001-0370(22)00486-X/h0290
https://doi.org/10.3389/fmolb.2018.00011
https://doi.org/10.3389/fmolb.2018.00011
https://doi.org/10.1021/ci600406v
https://doi.org/10.1021/ci600406v
https://doi.org/10.3389/fmolb.2020.00106
https://doi.org/10.3389/fmolb.2020.00106
https://doi.org/10.1007/978-3-540-70529-1_267
https://doi.org/10.1021/acs.jctc.8b01142
https://doi.org/10.1021/acs.jctc.9b00524
https://doi.org/10.1021/acs.jctc.9b00524
https://doi.org/10.1126/science.8153625
https://doi.org/10.1126/science.8153625
https://doi.org/10.1021/acsinfecdis.9b00066
https://doi.org/10.1021/acsinfecdis.9b00066
https://doi.org/10.1016/j.bpj.2018.02.006
https://doi.org/10.1128/JB.00973-07
https://doi.org/10.1016/j.bpj.2016.01.002
https://doi.org/10.1016/j.bpj.2016.01.002
https://doi.org/10.1016/j.bpj.2014.04.016
https://doi.org/10.1016/j.bpj.2014.04.016
https://doi.org/10.1021/jp506633n
https://doi.org/10.1021/acs.jctc.8b01059
https://doi.org/10.1073/pnas.1602382113
https://doi.org/10.3390/ijms20153774
https://doi.org/10.3390/ijms20153774
https://doi.org/10.1007/978-94-007-0711-5_7
https://doi.org/10.1007/978-94-007-0711-5_7
https://doi.org/10.1371/journal.pone.0183889
https://doi.org/10.1371/journal.pone.0183889
https://doi.org/10.3390/ijms19123899
https://doi.org/10.3390/ijms19123899
https://doi.org/10.1021/ct9002114

C. Gonzdlez-Ferndndez, E. Bringas, C. Oostenbrink et al.

[79] Hsu PC, Samsudin F, Shearer ], Khalid S. It Is Complicated: Curvature,
Diffusion, and Lipid Sorting within the Two Membranes of Escherichia coli. ]
Phys Chem Lett 2017;8:5513-8. https://doi.org/10.1021/acs.jpclett.7b02432.

[80] Vaiwala R, Sharma P, Puranik M, Ayappa KG. Developing a Coarse-Grained
Model for Bacterial Cell Walls: Evaluating Mechanical Properties and Free
Energy Barriers. ] Chem Theory Comput 2020;16:5369-84. https://doi.org/
10.1021/acs.jctc.0c00539.

[81] Do PC, Lee EH, Le L. Steered molecular dynamics simulation in rational drug
design. J Chem Inf Model 2018;58:1473-82. https://doi.org/10.1021/acs
jcim.8b00261.

[82] Fischer A, SmieSko M. Ligand Pathways in Nuclear Receptors. ] Chem Inf
Model 2019;59:3100-9. https://doi.org/10.1021/acs.jcim.9b00360.

[83] Ho BK, Agard DA. An improved strategy for generating forces in steered

molecular dynamics: The mechanical unfolding of titin, e2lip3 and ubiquitin.

PLoS ONE 2010;5:. https://doi.org/10.1371/journal.pone.0013068e13068.

Mori T, Miyashita N, Im W, Feig M, Sugita Y. Molecular dynamics simulations

of biological membranes and membrane proteins using enhanced

conformational sampling algorithms. Biochim Biophys Acta - Biomembr
2016;1858:1635-51. https://doi.org/10.1016/j.bbamem.2015.12.032.

Limongelli V. Ligand binding free energy and kinetics calculation in 2020.

Wiley Interdiscip Rev Comput Mol Sci 2020;10:. https://doi.org/10.1002/

wcms.1455e1455.

Martinotti C, Ruiz-Perez L, Deplazes E, Mancera RL. Molecular dynamics

simulation of small molecules interacting with biological membranes.

ChemPhysChem 2020;21:1486-514. https://doi.org/10.1002/

cphc.202000219.

Meng Y, Roux B. Efficient determination of free energy landscapes in multiple

dimensions from biased Umbrella sampling simulations using linear

regression. ] Chem Theory Comput 2015;11:3523-9. https://doi.org/
10.1021/ct501130r.

Awang T, Pongprayoon P. The adsorption of human defensin 5 on bacterial

membranes: simulation studies. ] Mol Model 2018;24:273. https://doi.org/

10.1007/s00894-018-3812-7.

Awang T, Pongprayoon P. The penetration of human defensin 5 (HD5)

through bacterial outer membrane: simulation studies. ] Mol Model

2021;27:291. https://doi.org/10.1007/s00894-021-04915-w.

[90] Awang T, Chairatana P, Vijayan R, Pongprayoon P. Evaluation of the binding

mechanism of human defensin 5 in a bacterial membrane: A simulation

study. Int ] Mol Sci 2021;22:12401. https://doi.org/10.3390/ijms222212401.

Farrotti A, Conflitti P, Srivastava S, Ghosh JK, Palleschi A, Stella L, et al.

Molecular dynamics simulations of the host defense peptide temporin L and

Its Q3K Derivative: An atomic level view from aggregation in water to bilayer

perturbation. Molecules 2017;22:1235. https://doi.or

10.3390/molecules22071235.

Messias A, Santos DES, Pontes FJS, Soares TA. The Tug of War between Al3*

and Na* for Order-Disorder Transitions in Lipid-A Membranes. Phys Chem

Chem Phys 2021;23:15127-37. https://doi.org/10.1039/D1CP02173G.

Luna-Reyes I, Pérez-Hernandez EG, Delgado-Coello B, Avila-Rodriguez MA,

Mas-Oliva J. Peptide VSAK maintains tissue glucose uptake and attenuates

pro-inflammatory responses caused by LPS in an experimental model of the

systemic inflammatory response syndrome: a PET study. Sci Rep

2021;11:14752. https://doi.org/10.1038/s41598-021-94224-2.

Luna E, Kim S, Gao Y, Widmalm G, Im W. Influences of Vibrio cholerae Lipid A

Types on LPS Bilayer Properties. ] Phys Chem B 2021;125:2105-12. https://

doi.org/10.1021/acs.jpcb.0c09144.

[95] Jiang X, Sun Y, Yang K, Yuan B, Velkov T, Wang L, et al. Coarse-grained
simulations uncover Gram-negative bacterial defense against polymyxins by
the outer membrane. Comput Struct Biotechnol ] 2021;19:3885-91. https://
doi.org/10.1016/j.csbj.2021.06.051.

[96] von Kiigelgen A, Tang H, Hardy GG, Kureisaite-Ciziene D, Brun YV, Stansfeld

PJ, et al. In Situ Structure of an Intact Lipopolysaccharide-Bound Bacterial

Surface Layer. Cell 2020;180:348-358.e15. https://doi.org/10.1016/

j.cell.2019.12.006.

Lépez CA, Zgurskaya H, Gnanakaran S. Molecular characterization of the outer

membrane of Pseudomonas aeruginosa. Biochim Biophys Acta - Biomembr

2020;1862:. https://doi.org/10.1016/j.bbamem.2019.183151183151.

[98] Abel S, Marchi M, Solier ], Finet S, Brillet K, Bonneté F. Structural insights into

the membrane receptor ShuA in DDM micelles and in a model of gram-

negative bacteria outer membrane as seen by SAXS and MD simulations.

Biochim Biophys Acta - Biomembr 2021;1863:. https://doi.org/10.1016/j.

bbamem.2020.183504183504.

Lee ], Pothula KR, Kleinekathéfer U, Im W. Simulation study of Occk5

functional properties in Pseudomonas aeruginosa outer membranes. ] Phys

Chem B 2018;122:8185-92. https://doi.org/10.1021/acs.jpcb.8b07109.

[100] Lee ], Patel DS, Kucharska I, Tamm LK, Im W. Refinement of OprH-LPS
interactions by molecular simulations. Biophys ] 2017;112:346-55. https://
doi.org/10.1016/j.bpj.2016.12.006.

[101] Aradjo Jde O, dos Santos AM, Lameira ], Alves CN, Lima AH. Computational
Investigation of Bisphosphate Inhibitors of 3-Deoxy-d-manno-octulosonate
8-phosphate  Synthase.  Molecules  2019;24:2370.  https://doi.or:
10.3390/molecules24132370.

[102] Zhang G, Meredith TC, Kahne D. On the essentiality of lipopolysaccharide to
Gram-negative bacteria. Curr Opin Microbiol 2013;16:779-85. https://doi.
0rg/10.1016/j.mib.2013.09.007.

[84]

[85]

[86]

[87]

[88]

[89]

[91]

[92]

[93]

[94]

[97]

[99]

5900

Computational and Structural Biotechnology Journal 20 (2022) 5886-5901

[103] Genheden S, Ryde U. The MM/PBSA and MM/GBSA methods to estimate
ligand-binding affinities. Expert Opin Drug Discov 2015;10:449-61. https://
doi.org/10.1517/17460441.2015.1032936.

[104] Swanson JM], Henchman RH, McCammon JA. Revisiting free energy
calculations: A theoretical connection to MM/PBSA and direct calculation of
the association free energy. Biophys ] 2004;86:67-74. https://doi.org/
10.1016/S0006-3495(04)74084-9.

[105] Wang E, Sun H, Wang J, Wang Z, Liu H, Zhang JZH, et al. End-Point Binding

Free Energy Calculation with MM/PBSA and MM/GBSA: Strategies and

Applications in Drug Design. Chem Rev 2019;119:9478-508. https://doi.

org/10.1021/acs.chemrev.9b00055.

Guitiérrez-de-Terdn H, Aqvist ]. Linear interaction energy: method and

applications in drug design. Computational Drug Discovery and Design,

819. Springer Science+Business Media; 2012. p. 305-23. https://doi.org/

10.1007/978-1-61779-465-0.

Sulea T, Purisima EO. The Solvated Interaction Energy method for scoring

binding affinities. Computational Drug Discovery and Design, 819. Springer

Science+Business Media; 2012. p. 295-303. https://doi.org/10.1007/978-1-

61779-465-0.

Menzer WM, Li C, Sun W, Xie B, Minh DDL. Simple Entropy Terms for End-

Point Binding Free Energy Calculations. ] Chem Theory Comput

2018;14:6035-49. https://doi.org/10.1021/acs.jctc.8b00418.

Meng Y, Sabri Dashti D, Roitberg AE. Computing alchemical free energy

differences with Hamiltonian replica exchange molecular dynamics (H-

REMD) simulations. ] Chem Theory Comput 2011;7:2721-7. https://doi.org/

10.1021/ct200153u.

Genheden S, Ryde U. Comparison of the efficiency of the LIE and MM/GBSA

methods to calculate ligand-binding energies. ] Chem Theory Comput

2011;7:3768-78. https://doi.org/10.1021/ct200163c.

Sun H, Duan L, Chen F, Liu H, Wang Z, Pan P, et al. Assessing the performance

of MM/PBSA and MM/GBSA methods. 7. Entropy effects on the performance

of end-point binding free energy calculation approaches. Phys Chem Chem

Phys 2018;20:14450-60. https://doi.org/10.1039/c7cp07623a.

King E, Aitchison E, Li H, Luo R. Recent Developments in Free Energy

Calculations for Drug Discovery. Front Mol Biosci 2021;8:. https://doi.org/

10.3389/fmolb.2021.712085712085.

[113] Panel N, Sun Y], Fuentes EJ, Simonson T. A simple PB/LIE free energy function
accurately predicts the peptide binding specificity of the Tiam1 PDZ domain.
Front Mol Biosci 2017;4:65. https://doi.org/10.3389/fmolb.2017.00065.

[114] Botos I, Majdalani N, Mayclin SJ, McCarthy ]G, Lundquist K, Wojtowicz D,
et al. Structural and Functional Characterization of the LPS Transporter LptDE
from Gram-Negative Pathogens. Structure 2016;24:965-76. https://doi.org/
10.1016/j.str.2016.03.026.

[115] Miyashita N, Re S, Sugita Y. REIN: Replica-Exchange INterface for simulating
protein dynamics and function. Int J Quantum Chem 2015;115:325-32.
https://doi.org/10.1002/qua.24785.

[116] Sugita Y, Kitao A, Okamoto Y. Multidimensional replica-exchange method for

free-energy calculations. J] Chem Phys 2000;113:6042-51. https://doi.org/

10.1063/1.1308516.

Murata K, Sugita Y, Okamoto Y. Molecular Dynamics Simulations of DNA

Dimers Based on Replica-Exchange Umbrella Sampling. I. Test of Sampling

Efficiency. ] Theor Comput Chem 2005;4:411-32. https://doi.org/10.1142/

S50219633605001611.

Fiorentino F, Sauer JB, Qiu X, Corey RA, Cassidy CK, Mynors-Wallis B, et al.

Dynamics of an LPS translocon induced by substrate and an antimicrobial

peptide. Nat Chem Biol 2021;17:187-95. https://doi.org/10.1038/s41589-

020-00694-2.

Stansfeld PJ, Sansom MSP. From coarse grained to atomistic: A serial

multiscale approach to membrane protein simulations. ] Chem Theory

Comput 2011;7:1157-66. https://doi.org/10.1021/ct100569y.

Peng ], Yuan C, Ma R, Zhang Z. Backmapping from multiresolution coarse-

grained models to atomic structures of large biomolecules by restrained

molecular dynamics simulations using bayesian inference. ] Chem Theory

Comput 2019;15:3344-53. https://doi.org/10.1021/acs.jctc.9b00062.

Rzepiela AJ, Schdfer LV, Goga N, Risselada HJ, de Vries AH, Marrink SJ.

Software News and Update Reconstruction of Atomistic Details from Coarse-

Grained Structures. ] Comput Chem 2010;31:1333-43. https://doi.org/

10.1002/jcc.21415.

[122] Ayton GS, Noid WG, Voth GA. Multiscale modeling of biomolecular systems:

in serial and in parallel. Curr Opin Struct Biol 2007;17:192-8. https://doi.org/

10.1016/j.sbi.2007.03.004.

Li W, Burkhart C, Polifiska P, Harmandaris V, Doxastakis M. Backmapping

coarse-grained macromolecules: An efficient and versatile machine learning

approach. ] Chem Phys 2020;153:. https://doi.org/10.1063/

5.0012320041101.

Manissorn ], Sitthiyotha T, Montalban JRE, Chunsrivirot S, Thongnuek P,

Wangkanont K. Biochemical and Structural Investigation of GnnA in the

Lipopolysaccharide Biosynthesis Pathway of Acidithiobacillus ferrooxidans.

ACS Chem Biol 2020;15:3235-43. https://doi.org/10.1021/

acschembio.0c00791.

Bohl TE, leong P, Lee JK, Lee T, Kankanala ], Shi K, et al. The substrate-binding

cap of the UDP-diacylglucosamine pyrophosphatase LpxH is highly flexible,

enabling facile substrate binding and product release. ] Biol Chem
2018;293:7969-81. https://doi.org/10.1074/ibc.RA118.002503.

Schultz KM, Fischer MA, Noey EL, Klug CS. Disruption of the E. coli LptC

dimerization interface and characterization of lipopolysaccharide and LptA

[106]

[107]

[108]

[109]

[110]

[111]

[112]

[117]

[118]

[119]

[120]

[121]

[123]

[124]

[125]

[126]


https://doi.org/10.1021/acs.jpclett.7b02432
https://doi.org/10.1021/acs.jctc.0c00539
https://doi.org/10.1021/acs.jctc.0c00539
https://doi.org/10.1021/acs.jcim.8b00261
https://doi.org/10.1021/acs.jcim.8b00261
https://doi.org/10.1021/acs.jcim.9b00360
https://doi.org/10.1371/journal.pone.0013068
https://doi.org/10.1016/j.bbamem.2015.12.032
https://doi.org/10.1002/wcms.1455
https://doi.org/10.1002/wcms.1455
https://doi.org/10.1002/cphc.202000219
https://doi.org/10.1002/cphc.202000219
https://doi.org/10.1021/ct501130r
https://doi.org/10.1021/ct501130r
https://doi.org/10.1007/s00894-018-3812-7
https://doi.org/10.1007/s00894-018-3812-7
https://doi.org/10.1007/s00894-021-04915-w
https://doi.org/10.3390/ijms222212401
https://doi.org/10.3390/molecules22071235
https://doi.org/10.3390/molecules22071235
https://doi.org/10.1039/D1CP02173G
https://doi.org/10.1038/s41598-021-94224-2
https://doi.org/10.1021/acs.jpcb.0c09144
https://doi.org/10.1021/acs.jpcb.0c09144
https://doi.org/10.1016/j.csbj.2021.06.051
https://doi.org/10.1016/j.csbj.2021.06.051
https://doi.org/10.1016/j.cell.2019.12.006
https://doi.org/10.1016/j.cell.2019.12.006
https://doi.org/10.1016/j.bbamem.2019.183151
https://doi.org/10.1016/j.bbamem.2020.183504
https://doi.org/10.1016/j.bbamem.2020.183504
https://doi.org/10.1021/acs.jpcb.8b07109
https://doi.org/10.1016/j.bpj.2016.12.006
https://doi.org/10.1016/j.bpj.2016.12.006
https://doi.org/10.3390/molecules24132370
https://doi.org/10.3390/molecules24132370
https://doi.org/10.1016/j.mib.2013.09.007
https://doi.org/10.1016/j.mib.2013.09.007
https://doi.org/10.1517/17460441.2015.1032936
https://doi.org/10.1517/17460441.2015.1032936
https://doi.org/10.1016/S0006-3495(04)74084-9
https://doi.org/10.1016/S0006-3495(04)74084-9
https://doi.org/10.1021/acs.chemrev.9b00055
https://doi.org/10.1021/acs.chemrev.9b00055
https://doi.org/10.1007/978-1-61779-465-0
https://doi.org/10.1007/978-1-61779-465-0
https://doi.org/10.1007/978-1-61779-465-0
https://doi.org/10.1007/978-1-61779-465-0
https://doi.org/10.1021/acs.jctc.8b00418
https://doi.org/10.1021/ct200153u
https://doi.org/10.1021/ct200153u
https://doi.org/10.1021/ct200163c
https://doi.org/10.1039/c7cp07623a
https://doi.org/10.3389/fmolb.2021.712085
https://doi.org/10.3389/fmolb.2021.712085
https://doi.org/10.3389/fmolb.2017.00065
https://doi.org/10.1016/j.str.2016.03.026
https://doi.org/10.1016/j.str.2016.03.026
https://doi.org/10.1002/qua.24785
https://doi.org/10.1063/1.1308516
https://doi.org/10.1063/1.1308516
https://doi.org/10.1142/S0219633605001611
https://doi.org/10.1142/S0219633605001611
https://doi.org/10.1038/s41589-020-00694-2
https://doi.org/10.1038/s41589-020-00694-2
https://doi.org/10.1021/ct100569y
https://doi.org/10.1021/acs.jctc.9b00062
https://doi.org/10.1002/jcc.21415
https://doi.org/10.1002/jcc.21415
https://doi.org/10.1016/j.sbi.2007.03.004
https://doi.org/10.1016/j.sbi.2007.03.004
https://doi.org/10.1063/5.0012320
https://doi.org/10.1063/5.0012320
https://doi.org/10.1021/acschembio.0c00791
https://doi.org/10.1021/acschembio.0c00791
https://doi.org/10.1074/jbc.RA118.002503

C. Gonzdlez-Ferndndez, E. Bringas, C. Oostenbrink et al.

binding to monomeric LptC. Protein Sci 2018;27:1407-17. https://doi.org/
10.1002/pro.3429.

[127] Bonomi M, Branduardi D, Bussi G, Camilloni C, Provasi D, Raiteri P, et al.
PLUMED: A portable plugin for free-energy calculations with molecular
dynamics. Comput Phys Commun 2009;180:1961-72. https://doi.org/
10.1016/j.cpc.2009.05.011.

[128] Im W, Khalid S. Molecular simulations of gram-negative bacterial
membranes come of age. Annu Rev Phys Chem 2020;71:171-88. https://
doi.org/10.1146/annurev-physchem-103019-033434.

[129] Ma H, Irudayanathan FJ, Jiang W, Nangia S. Simulating Gram-Negative
Bacterial Outer Membrane: A Coarse Grain Model. ] Phys Chem B
2015;119:14668-82. https://doi.org/10.1021/acs.jpch.5b07122.

[130] Venable RM, Luo Y, Gawrisch K, Roux B, Pastor RW. Simulations of anionic
lipid membranes: Development of interaction-specific ion parameters and

5901

Computational and Structural Biotechnology Journal 20 (2022) 5886-5901

validation using NMR data. ] Phys Chem B 2013;117:10183-92. https://doi.
org/10.1021/jp401512z.

[131] Leonard AN, Wang E, Monje-Galvan V, Klauda ]JB. Developing and Testing of
Lipid Force Fields with Applications to Modeling Cellular Membranes. Chem
Rev 2019;119:6227-69. https://doi.org/10.1021/acs.chemrev.8b00384.

[132] Tolmachev DA, Boyko OS, Lukasheva NV, Martinez-Seara H, Karttunen M.
Overbinding and Qualitative and Quantitative Changes Caused by Simple Na*
and K" lons in Polyelectrolyte Simulations: Comparison of Force Fields with
and without NBFIX and ECC Corrections. ] Chem Theory Comput
2020;16:677-87. https://doi.org/10.1021/acs.jctc.9b00813.

[133] Riley M. Correlates of Smallest Sizes for Microorganisms. In: Size limits of
very small microorganism: Proceedings of a workshop. US: National
Academies Press; 1999. p. 21-5.



https://doi.org/10.1002/pro.3429
https://doi.org/10.1002/pro.3429
https://doi.org/10.1016/j.cpc.2009.05.011
https://doi.org/10.1016/j.cpc.2009.05.011
https://doi.org/10.1146/annurev-physchem-103019-033434
https://doi.org/10.1146/annurev-physchem-103019-033434
https://doi.org/10.1021/acs.jpcb.5b07122
https://doi.org/10.1021/jp401512z
https://doi.org/10.1021/jp401512z
https://doi.org/10.1021/acs.chemrev.8b00384
https://doi.org/10.1021/acs.jctc.9b00813
http://refhub.elsevier.com/S2001-0370(22)00486-X/h0665
http://refhub.elsevier.com/S2001-0370(22)00486-X/h0665
http://refhub.elsevier.com/S2001-0370(22)00486-X/h0665

	In silico investigation and surmounting of Lipopolysaccharide barrier in Gram-Negative Bacteria: How far has molecular dynamics Come?
	1 Introduction
	2 MD methods in LPS research
	2.1 LPS barrier function
	2.2 LPS synthesis and transport

	3 Force fields in LPS research
	4 How are MD simulations and wet-lab experiments combined in LPS research?
	5 Summary and outlook
	CRediT authorship contribution statement
	Declaration of Competing Interest
	Acknowledgements
	Reference


