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Abstract: Computational modeling (CM) is a versatile scientific methodology used to examine the
properties and behavior of complex systems, such as polymeric materials for biomedical
bioengineering. CM has emerged as a primary tool for predicting, setting up, and interpreting
experimental results. Integrating in silico and in vitro experiments accelerates scientific
advancements, yielding quicker results at a reduced cost. While CM is a mature discipline, its
recent prominence in Biomedical Engineering for biopolymer materials has recently gained
prominence. In biopolymer biomedical engineering, CM focuses on three key research areas: A)
Computer-aided design (CAD/CAM), B) Finite Element Analysis, and C) Molecular Dynamic
Simulations. This review centers on Molecular Dynamics (MD) simulations in biopolymers,
analyzing structural, functional, and evolutionary aspects of biomolecular systems over time. MD
simulations solve Newton's equations of motion for all-atom systems, generating spatial
trajectories for each atom, providing insights into properties like water absorption on biopolymer
surfaces and interactions with solid surfaces, crucial for biomaterial assessment. This review offers
readers a comprehensive overview of the diverse applications of Molecular Dynamics (MD)
simulations on biopolymers. Furthermore, it emphasizes the flexibility, robustness, and synergistic
relationship between in silico and experimental techniques.

Keywords: biopolymers; molecular dynamics simulations; polymeric materials

1. Introduction

Biopolymers are vital in the overlap between materials science and biomedical engineering,
encompassing naturally occurring substances derived from living organisms and engineered
synthetic materials [1,2]. These materials are precisely engineered with the ultimate goal to serve as
replacements or aids in repairing tissues and organs [3,4]. Biopolymers, including lipids,
polysaccharides, proteins, and nucleic acids, are synthesized by bacteria, fungi, plants, and animals
through millions of years of evolution. These natural polymers exhibit a wide range of specific
functions, often surpassing the properties of man-made materials [5,6]. An essential requirement for
biomaterials is their ability to interact with cells, facilitating their intended function while eliciting an
appropriate host response in a given application [4]. However, cells colonizing the surface of
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biomaterials do not come into direct contact with them; instead, cells recruit serum proteins or
secreted proteins that adhere to the surface. Consequently, protein adsorption on biomaterial
surfaces plays a key role in determining biocompatibility [7].

Most studies investigating interactions between proteins and material surfaces focus on the
kinetics of protein adsorption at the macromolecular level [8]. These studies often overlook the
underlying forces governing protein adsorption on diverse biomaterial surfaces and the structural
changes that proteins may undergo upon adhesion to these surfaces [9,10]. These techniques include
X-ray photoelectron spectroscopy (XPS), static secondary ion mass spectrometry (SSIMS), scanning
tunneling microscopy (STM), Surface Plasmon Resonance (SPR), and REDOR solid-state NMR,
which offer the ability to obtain quantitative information about protein-surface interactions at
different levels of detail [9,11]. Several studies have demonstrated that factors such as surface
structure, hydrophobicity, and charge profoundly influence the structural characteristics of proteins
upon their adsorption to solid-liquid interfaces. The release of water is a critical step in the
adsorption of proteins onto biomaterial surfaces. This process forms two distinct interfaces: the
surface-water interface and the protein-water interface. The adsorption of proteins onto the surface
can induce structural alterations, potentially leading to protein denaturation [12]. These structural
changes upon protein adsorption are due to the native folding corresponding to the free energy
minimum in solution and do not correspond to the free energy minimum once the protein is in
contact with the surface [13]. To comprehensively understand protein adsorption phenomena at the
molecular level, it is required to consider the protein-surface interface as a system that contains at
least three components: a surface, a protein, and a solvent. In aqueous systems, the structural
arrangement of water molecules near the surface and the solutes induces water-mediated
interactions between them. These interactions play a significant role in the direct interactions
between the surface and the solute, exhibiting attractive (e.g., hydrophobic) or repulsive forces
depending on the chemistry and nature of the surface and the solute. When dealing with flexible
macromolecular conformations, additional relevant questions arise regarding the preferred
conformations in the adsorbed state and the dynamics of conformational transitions at the interface
[14].

Water plays a crucial role in biological processes and significantly influences the structure and
function of biomolecules. The properties of water, particularly the dynamics of the hydrogen bond
network and hydrophobicity, have been extensively studied to elucidate the interaction between
protein surfaces and the surrounding layers of water molecules. These surrounding layers form a
hydration shell, which exhibits distinct properties compared to the bulk water in distant layers [15].
The topography and chemical composition of the protein surface interact with and alter the
orientation of individual water molecules, leading to dynamic differences between the first few
layers of water and the more distant layers that resemble bulk water properties [16]. The
biomolecular surface dictates the conditions under which water molecules in the hydration shell
exhibit variations in their rotational and vibrational degrees of freedom compared to water
molecules farther away from the protein surface [17].

2. Basics Molecular Dynamics Simulations

Alder introduced Molecular Dynamics (MD) in 1959 [18]. The goal of this method is to solve
Newton's equations of motion for a defined set of molecules within a virtual system [18]. MD
simulation is a powerful method for investigating the time evolution of a set of molecules or atoms
within a virtual environment. It enables the evaluation of various properties of these molecules in
silico systems [19]. Through MD simulations, one can assess the molecular geometries and energies
of the system at finite temperatures, explore the nature of structural and energy transition states, and
obtain a dynamic atomic landscape that is otherwise inaccessible through experimental techniques,
among many other properties [20]. The success of this method stems from two key factors. Firstly,
virtual systems can be tested and compared with experimental results, providing valuable insights.
Secondly, MD simulations offer a glimpse into processes that may not be directly observable in
experiments. However, it is essential to acknowledge the limitations of these methods, such as the
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finite number of particles, the computational processing capacity required, and the inherent
simplifications made when assuming the behavior of molecules in virtual systems mirrors that of
real systems [20].

The cornerstone of life is contingent upon the intricate and perpetually evolving interplay of
complex chemical networks at the molecular level. This encompasses a myriad of processes,
including biopolymer-mediated phenomena such as protein folding, nucleic acid dynamics, ion
transport across membranes, and the enzymatic catalysis of biochemical reactions [21]. Given the
inherent complexity and dynamic nature of biological systems, computational simulation
methodologies have emerged as crucial tools, especially with the advancement of powerful in silico
workstations [22]. While many modeling techniques traditionally focus on static molecules, for
instance, performing molecular mechanics (MM) calculations at 0K, which essentially freezes the
molecule, there is a limitation in capturing the natural atomic motion inherent in these studies.
Therefore, there is a compelling need for theoretical simulation systems that can provide dynamic
insights into the behavior of chemicals and biomolecules, offering a valuable complement to
experimental investigations [23].

MD can be defined as a computer simulation technique that permits predicting the time
evolution of an interacting particular system involving the generation of atomic trajectories of a
system using the numerical integration of Newton's equation of motion for a specific interatomic
potential defined by an initial condition and boundary condition [18]. The dynamic simulation also
provides information on molecular kinetics and thermodynamics [24]. Determining the
time-dependent motion of individual particles of a system allows quantification of the properties of
the given system on a definite time scale that is otherwise unattainable [24]. Most importantly,
molecular dynamics (MD) simulation development can be attributed to the revolutionary
advancements of computational algorithms and technology, which allowed MD to be applied in
several areas of chemistry and physics [25].

MD simulations are pursued in two major approaches to address a physical system,
considering the nature of the model and the mathematical formalism involved. These approaches
include classical mechanics and quantum chemical formalisms, as described below:

The classical mechanics approach considers molecules as classical objects similar to the
ball-and-stick model, where atoms represent soft balls and bonds represent elastic sticks. The
dynamics of a system is determined by the laws of classical mechanics in this approach [26].

The Quantum mechanics approach, also known as the first-principles MD simulation, was first
introduced by Car and Parinello in 1985. This approach considers the quantum nature of chemical
bonds. In this method, the bonding within a system is determined by applying quantum equations
to the electron density function of the valence electrons, while the dynamics of ions (nuclei with their
inner electrons) are treated classically. Quantum MD simulations are an improvement over classical
simulations, and they provide valuable information on various biological problems. However, they
consume more computational resources than classical simulations [26].

The core requirement for MD simulation is quite simple; it involves a set of conditions defining
the initial positions and velocities of all particles and the interaction potential that defines the forces
among all the particles. Second, the determination of the evolution of the system in time is done by
solving a set of equations of motion for all particles considered in the system. In the case of classical
mechanics, Newton's law is applied to define the motion of classical particles. Even a classical MD
simulation for biomolecular systems consisting of thousands of atoms over a nanosecond time scale
consumes significant computational resources [27].

The MD simulation formalism may comprise five conditions: boundary condition, initial
condition, force calculation, integrator/ensemble, and property calculation. The classical MD
simulations boil down to numerically integrating Newton's equations of motion for the particles
(atoms, in the simplest case) that build up the investigated system:
drz’i-t'tj
dt?

m - Fi[ (Tl,]’z, ree ,TN), L - 1, 2, nae ,N (21)

Here ri are the position vectors and F: are the forces acting upon the N particles in the system.
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Quite often forces are derived from potential functions, U(rs, r2, . . . , rv), representing the
potential energy of the system for the specific geometric arrangement of the particles:
Fi(ryry,,ry) ==V, U(ry,rz-,ry)
This form implies the conservation of the total energy E = Ewn + U, where Euin is the
instantaneous kinetic energy.
In the absence of external forces, the potential can be represented in the simplest case as a sum
of pairwise interactions:

U=XZL2%u(ry) @2

where rij = ri — tj, 1ij = | rij|, and the condition j > i prevents the double counting particle pairs.

The forces acting on the particles are composed in such a case of the individual interactions with the
rest of the particles:

 wN - du{:ri-j) Tij

F:‘ —E_;';tifij- f:‘ - dr;‘j rij

According to Newton's third law, fii = —fi. The computational effort to solve the set of equations

of motion (2.1) is proportional to N2 and is mainly associated with the evaluation of forces.

Therefore, for tractable computations the forces should be expressed analytically. To further reduce

the computational effort the potential can be cut off at some limiting separation (for #ij > reut) beyond

which the potential becomes negligible.

Equation (2.1) is a differential equation of second order that can be integrated by providing

specific values of the initial position of particles, their velocities, and the instantaneous force acting

on them. The equation of motion is discretized, followed by a numerical solution because of the

(2.3)

many-body system comprised of the particles. The trajectories in MD simulation are defined by
position and velocity vector components, and the time evolution of the system is depicted in phase
space. The position and velocity components are promulgated with a finite time interval by
employing numerical integrators. The position of each particle in space is designated by ri(¢), while
the kinetic energy and temperature of the system are determined by velocity vi(f). The specialty of
MD simulation is that it allows a direct tracing of the dynamic events that might be influential to the
functional properties of the system.

The integration of Newton’s force equation is performed to obtain an expression that gives the
position ri(t + At) at time t + At in terms of the already-known positions at time t. By employing the
Taylor series, the mentioned position can be mathematically represented as follows:

F :"[t}

my;

ri(t+At) = 2r;(t) —r;(t — At) + At?  (2.4)

The time step (At) for most MD simulations is on the femtosecond scale, which is the scale of
chemical bond vibrations. MD simulations are limited by the highest frequency vibration and the
time step should be ten times lower than the highest frequency.

Velocity calculations in molecular dynamics (MD) programs can be performed using either
position-based or explicit methods, such as the leapfrog and velocity Verlet schemes [28,29].
Trajectory files typically store positions and velocities with infinitesimally small integration steps.
However, longer time steps are necessary for sampling longer trajectories. In coarse-grained
simulations, larger mass atoms are used which require longer integration times and result in longer
trajectory lengths [30]. Another crucial aspect of molecular dynamics (MD) simulation is its
statistical mechanics-based behavioral nature, enabling the averaging of values obtained at a
microscopic level. The Newtonian dynamics adheres to the conservation of energy, and MD
trajectories provide a microcanonical ensemble distribution of configurations. MD simulation is a
technique that allows the measurement of physical quantities by averaging instantaneous values
from trajectories. It can simulate a variety of experimental conditions, such as protein in a vacuum,
crystal environment, and explicit water environment [31]. Unfortunately, molecular dynamics
simulations has limitations such as finite system size, limited observation time, and inability to form
or break covalent bonds [26].



Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 29 February 2024 d0i:10.20944/preprints202402.1682.v1

3. Interactions of Waters with Biopolymers

Biopolymers interactions with water molecules lack detailed molecular-level knowledge about
the structures, dynamics, hydrogen bond and van der Waals networks [32]. There are two
approaches to analyzing the interface interaction between water and biopolymers. Some studies
analyze the water dynamics through simulations and experiments to understand the effect of the
biomolecule on the surrounding water molecule layers or hydration shell. Other studies focus on
how water may determine the structure and dynamics of biopolymers [16,17,33].

Several experimental methods, a solution-state and solid-state NMR spectroscopy [18,19], X-ray
diffraction [34], neutron scattering [35], and Fluorescence spectroscopy [36], have been used to
analyze the interactions between water and biopolymers. These methods measure the rotational and
translational dynamics of water molecules and can detect different physical phenomena. Recently,
terahertz (THz) spectroscopy has been utilized to characterize molecular structures and the
hydration of biopolymers, enabling the analysis of the dynamic hydrogen bond network during
biochemical reactions [37,38]. THz spectroscopy has been helpful in determining the effect of
biopolymers surfaces on water molecules, revealing that biopolymers can influence water even
several layers away [39].

Molecular simulations have been used in conjunction with experimental observations to gain a
deeper understanding of the interaction between the hydration shell and the biopolymer surface
characteristics [40-42]. However, while we know a more about the structure and dynamics of bulk
water, the behavior of water molecules at the hydration shell is not as well understood. For example;
the interface between the protein surface and the surrounding water is very diverse, making
molecular simulations more challenging. Amino acid lateral chains with charged and polar groups
interact with adjacent water layers through hydrogen bonds and electric fields, modifying the
rotational and vibrational degrees of freedom of water molecules. At the same time, nonpolar atoms
enhance interactions between neighboring water molecules [39]. All of these protein properties
modify the interaction of the first hydration layers with water, even those far away from the protein
surface.

In order to model the hydration of biopolymers, it is necessary to have prior knowledge of
polymer structures and to develop specialized water models. Traditionally, force field approaches
have been used to accurately simulate protein folding, protein dynamics, and ligand-receptor
binding. Force fields provide information about the potential energy of particles in a system,
including both bonded interactions (such as bond lengths, bond angles, and torsional dihedral
angles) and non-bonded interactions (such as Van der Waals forces) [40]. When simulating the
interaction between proteins and their surrounding hydration shell, protein force fields are used in
conjunction with specific water models that are incorporated into software packages like CHARM,
AMBER, and GROMOS, which are among the most widely used first-generation force fields [43].

Molecular dynamics (MD) simulations frequently serve as a complementary approach to
elucidate molecular-level behaviors at interfaces [44]. MD simulations simplify systems by
representing a thin polymer/air/water interface, enabling a direct analysis of the distribution of all
interface components, surface pressure profiles, hydrogen bonding patterns, impacts of oil droplets,
and alterations in orientation [45].

The relationship between water and polymers, especially in contexts like electronics, remains a
persistent subject of concern. The ingress of water can significantly impact the physical properties of
polymers and the integrity of composite structures [32]. Molecular dynamics simulations at the
molecular level provide detailed insights into how water interacts with polymers and interfaces,
allowing the identification of areas most susceptible to water-related effects and facilitating an
understanding of changes in adhesion and integrity. These simulations enable observations of
changes in properties such as surface tension, interface thickness, and water molecule diffusion in
polymeric systems [32].

Consider a study involving the gradual addition of water to a copolymer, revealing a decrease
in the radius of gyration of the polymer chain and an increase in cohesive energy density. Notably,
the diffusion coefficient initially decreases and subsequently increases with increasing water
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concentration, a phenomenon mirrored by the fractional free volume. These observations shed light
on how water can modify both the physical properties and the molecular structure of the polymer
[45]. In the interfaces involving surfactants and polymers, molecular dynamics simulations elucidate
the arrangement of surfactants within the liquid film. At low surface concentrations, surfactants
form small clusters at the interface, whereas intermediate or high concentrations entirely coat the
interface. Furthermore, the orientation of surfactant tails changes with increasing surface
concentration. Additionally, the role of polymers in retaining water and influencing the mobility of
water molecules at the interface through hydrogen bonding is emphasized [44].

These molecular modeling approaches collectively provide a more profound understanding of
how water interacts at the molecular level with polymers and interfacial surfaces. Such insights are
vital for enhancing the reliability and properties of a wide range of applications, spanning from
electronics to the stabilization of wet foams in the oil, chemical, and food industries [32].

In the dynamic field of polymer research and its interactions with water, molecular and
mesoscale simulations have become indispensable tools, proving effective in applications from
novel polymer development to understanding mechanisms in electronics and beyond [32]. A key
concept emerging from these simulations is the pivotal importance of interfaces. In the context of
polymer-water interactions, these interfacial regions profoundly shape material properties and
behavior. Molecular simulations define and characterize these interfaces, crucial for guiding
experimental research and materials development [32].

One intriguing facet involves exploring how water affects polymer properties at the
molecular-level. Simulations unveil its impact on various characteristics, including molecule
diffusion, cohesion, adhesion, and deformation. Furthermore, they identify the underlying
molecular structures contributing to these material behavior alterations [32].

Notably, molecular dynamics simulations reveal diverse responses of different polymers to
water, with polarity and molecular structure playing pivotal roles. This underscores the unique
capacity of molecular simulations to pinpoint specific molecular species or structures responsible for
distinct physical responses [32].

Integrating mesoscale simulations with molecular models has provided a more comprehensive
perspective, particularly in addressing surface roughness [32]. These integrated approaches not only
shed light on the morphological effects of water at interfaces but also elucidate its impact on material
mechanics [44].

4. Interactions of Nanostructures with Biopolymers

With the recent advancement of nanoscience and nanotechnology, particularly in the areas of
biomedical research, the biocompatibility of these materials, that is, the way they interact and their
behaviors in the context of biological systems has become a central issue [46]. Solid-water interfaces
are ubiquitous in biological, colloidal, and soft condensed matter systems, where proteins,
biopolymers, surfactants, polymers, colloids, and other solutes often exhibit interfacial activity and
adsorb to various interfaces [47]. Unwanted adsorption poses a significant challenge in applications
ranging from separation processes to implant wettability and bioactivity. Conversely, there is a need
for precise control and engineering of binding for specific purposes, such as molecule alignment or
pattern creation [48]. This finds application in sensing, detection, effective coordination with water
molecules [47], and the regulation of protein adsorption [48].

Nanomaterials find applications in sensing, detection, effective coordination with water
molecules [47], and the regulation of protein adsorption [48]. Due to their unique volume-to-surface
ratios, nanomaterials exhibit novel properties. The diverse sizes, shapes, and surface chemistries of
nanoparticles can significantly influence their toxicity, gene-regulating effects, and clearance within
biological systems [50]. These effects arise from the intricate interactions between nanoparticles and
biological molecules at the atomic level [50]. The connection between nanostructures and their in
vivo biodistribution remains uncertain, mirroring our incomplete comprehension of the interactions
between nanomaterials and biological tissues [50].
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Physicochemical mechanisms that nanoparticles undergo to affect biological molecules and
complex systems are currently under investigation by experimental and theoretical methods.
However, the study of nanoparticle interactions with biological environments at the nanoscale is
limited by current experimental techniques. Concurrently, the spatial and temporal resolutions
enabled by computational techniques allow for examining specific interactions and dynamics
induced by nanoparticles in biological molecules. These advancements have led to the increasing
use of computational methods to elucidate the fundamental aspects of intermolecular interactions
within nanoparticle-biomaterial systems [34].

Here, we provide a summary of different computational studies that have shed light on the role
of the nanostructure in biological environments.

4.1. Interaction of Carbon-Based Nanomaterials with Proteins

Among various nanostructures, carbon-based nanomaterials, such as fullerenes, graphene, and
carbon nanotubes, are extensively studied due to their exceptional mechanical and electrical
properties.

4.1.1. Fullerenes and Fullerene Derivatives

Fullerenes are closed cage structures made of carbon atoms with sp2 hybridization that can be
rapidly functionalized to modify their physicochemical properties for specific applications.
Computational approaches have characterized the interaction between fullerenes (e.g., C60) and the
human immunodeficiency virus 1 (HIVP) protein, a promising target for antiviral agents [36].
Considering the protein's catalytic site, the C60 molecule was deemed a potential inhibitor of HIVP
[51]. The protein complex was modeled and docked with a C60 carbon-based nanostructure to
identify specific interactions [52]. Results suggest that the C60 structure adequately fits into the
catalytic site and strongly interacts with the protein's hydrophobic regions, inhibiting its enzymatic
functions [52].

A water-soluble C60 derivative was also investigated using similar computational approaches,
yielding comparable results (references). Computational findings were validated through
experimental assays using the water-soluble C60 variant. Finally, the inhibitory properties of the C60
derivative were examined in cellular-based assays, demonstrating significant and selective toxicity
toward viral-infected cells [52].

Experimental evidence has demonstrated the capacity of some proteins to specifically recognize
C60 derivative molecules, particularly some murine antibodies [38,39]. Here, computational
techniques were used to identify the particular interactions involved in the formation of this
protein-nanostructure complex [40]. Docking calculations suggested particular complex structures
in the variable regions investigated by molecular dynamics simulations. The computational results
support the suggested molecular poses and show a significant rotational motion by the
nanostructure [40]. Also, the results suggested that the high affinity and specificity are due to
structural complementarity and significant interactions involving protein side chains (e.g., aromatic
interactions).

The capacity of specific protein recognition of C60 derivative molecules, particularly certain
murine antibodies, has been demonstrated through experimental evidence [53,54]. In this context,
computational techniques were employed to identify the specific interactions involved in the
formation of complexes between proteins and nanostructures [55]. These complex structures in the
variable regions were suggested by docking calculations, which were subsequently investigated
through molecular dynamics simulations. The computational results not only corroborate the
proposed molecular orientations but also reveal significant rotational motion exhibited by the
nanostructure [55]. Furthermore, the results imply that the observed high affinity and specificity are
due to structural complementarity and significant interactions, notably involving protein side chains
such as aromatic interactions [55]. This particular result indicates a widespread possible role of this
aromatic interaction (m-m stacking) in the interaction between carbon-based nanostructure and
proteins [55].
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Hydroxylated fullerenes encapsulating a metal ion, known as metallofullerenols, have
undergone extensive experimental and computational characterization. Specifically,
[Gd@C82(OH)22]n has been shown to inhibit the catalytic function of matrix metalloproteinase-2
and -9 (MMP-2 and MMP-9) [56]. These proteins play crucial roles in angiogenesis, the formation of
new blood vessels, and extracellular matrix degradation, making them pivotal in cancer metastasis.
Computational methods, particularly molecular dynamics simulations, complement experimental
assessments of these nanoparticles. MD simulations have revealed the precise binding site of
[Gd@C82(OH)22]n within the MMP-9 structure, selectively suppressing its catalytic activity and
providing atomic-level insights into the tumor-suppressing attributes of these nanoparticles [56].
Remarkably, in contrast to carbon-only molecules, [Gd@C82(OH)22]n nanoparticles cause minimal
disruptions to the 3D structure of proteins [56].

Beyond their anticancer activities, [Gd@C82(OH)22]n nanoparticles have been observed to
inhibit protein-protein interactions. Two systems illustrating this property involve direct and
indirect interactions of these nanoparticles with WW- and SH3-domains, respectively. Through
computational simulations, a direct interaction between [Gd@C82(OH)22]n nanoparticles and the
WW-domain was identified, particularly with the native ligand binding site that recognizes
proline-rich motifs [57]. Additionally, computational approaches indicated a higher binding affinity
of the WW-domain for [Gd@C82(OH)22]n nanoparticles compared to a proline-rich peptide [57].
Regarding the SH3-domain, simulation results suggest that, even though [Gd@C82(OH)22]n
nanoparticles are capable of interacting with the native binding site of the SH3-domain, the primary
inhibitory effects result from the interaction with a region of the protein responsible for recognizing
and guiding the proline-rich motif ligand toward the native binding site [58].

4.1.2. Carbon Nanotubes

Carbon nanotubes (CNTs) are cylindrical nanostructures composed of sp2 carbon atoms that
have attracted significant attention for its outstanding electrical and mechanical properties which
makes them an attractive material for many industrial and biomedical applications [59].

Interactions between carbon nanotubes (CNTs) and proteins have been extensively
documented, from interactions of lung proteins to proteins present in the circulatory system [60]. To
date, the specific mechanisms of interaction at the molecular level have primarily arisen from
computational studies [61]. Two main mechanisms have been proposed for functional modulation
by CNTs: disruption of protein active sites and competition with native ligands.

The interaction of CNTs and lung proteins has been comprehensively studied, especially
concerning potential adverse consequences, and has yielded valuable insights. One of these studies
involved the interaction of CNTs with members of the collenctins protein family, specifically the
surfactant proteins SP-A and SP-D, integral components of the immune pulmonary defense system
[62]. The outcomes reveal a discernible preference for interaction between these proteins and CNTs,
which suggests a possible molecular explanation for the toxicity of these nanomaterials. This finding
also suggests that modifying the CNTs could reduce their harmful effects, but this approach requires
careful consideration [63].

Similarly, the interaction of CNTs and proteins in the circulatory system has provided details
about the possible effect of the binding. In a detailed investigation, the interaction of single-walled
CNT and four common plasma proteins was performed using different techniques, including
computer simulations [64]. The results present a model where proteins compete to bind the
nanomaterial. Interestingly, the results indicate that upon absorption, the integrity of secondary
structure elements of the biomolecules becomes compromised and that the degree of the disruption
is related to the binding strength [64].

Due to their capability for scrutinizing molecular-level interactions, computer simulations have
illuminated the intricacies of CNT interactions with biopolymers. MD simulations have given rise to
two predominant hypotheses regarding the roles of CNTs: one involving the perturbation of protein
active sites and the other entailing competition for protein binding sites with native ligands.
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Insights into the first hypothesis were gleaned from simulations of the interaction between
single-walled carbon nanotubes (SWCNTs) and the WW-domain [65]. Computational findings
suggest that SWCNTs exhibit a strong affinity for the WW-domain hydrophobic core, thereby
disrupting the structure of the native binding site [65]. Furthermore, these results indicate the
absorption of the native ligand of the WW domain, a proline-rich motif, onto the nanomaterial.
Through this mechanism of disruption and obstruction, SWCNTs incapacitate normal function
proteins [65].

Evidence supporting the second hypothesis arises from the ability of carbon nanotubes to
outcompete native ligands for receptor binding. Remarkably, SWCNTs exhibit a stronger binding
affinity to SH3-domains than native proline-rich ligands while preserving the protein tertiary
structure [66]. In this scenario, the nanomaterial binds to the same receptor pocket as the native
ligand through robust hydrophobic and aromatic interactions, thereby impeding the protein
standard recognition function [66].

4.1.3. Graphene and Graphene Derivatives

Graphene, a single-sheet nanostructure comprising sp2 carbon atoms arranged in a hexagonal
lattice, shares resemblances with other carbon-based nanomaterials and finds diverse applications,
notably in biomedical devices [67]. However, its interaction with biomolecules has been studied less
than other carbon-based materials. To address this gap, MD simulations were conducted to
investigate the interactions between the miniprotein Villin headpiece and graphene [68]. Their
findings unveil a comprehensive mechanism for protein adsorption driven by the initial interaction
of an aromatic residue, F35, located at the C-terminal. This interaction aligns its side chain parallel to
the graphene sheet. Subsequent interactions involve multiple aromatic residues. Upon adsorption
onto the nanomaterial, the protein undergoes a significant disruption of its helical secondary
structure due to several aromatic residues adopting parallel side chain conformations, resulting in a
loss of structural integrity [68]. During these simulations, several aromatic residues placed
themselves in parallel side chain conformations relative to the nanomaterial, which caused a loss of
structural integrity [68].

4.2. Interaction of Noble Metal-Based Nanomaterials with Proteins

The applications of noble metal-based nanomaterials, such as Au and Ag, have been extensively
investigated due to their remarkable properties [69].

4.2.1. Gold Nanomaterials

Gold nanomaterials have broad applications in nanotechnology due to their high stability and
low toxicity. Computational studies have shed light on the molecular mechanisms involved in the
interaction between gold nanoparticles and biomolecules, revealing insights into their ability to
inhibit the function of proteins associated with various diseases [70]. For instance, researchers have
explored the potential inhibitory interaction of gold compounds with Thioredoxin reductase 1 (TR1),
an enzyme implicated in the growth of tumors as it catalyzes the removal of disulfide bonds in the
antioxidant protein thioredoxin [71]. Furthermore, a peptide-coated gold nanocluster demonstrated
effective inhibition of TR1 function and the subsequent induction of tumor cell apoptosis in a
dose-dependent manner. Molecular docking was used to identify a putative binding region in the
vicinity of the catalytic site. Simultaneously, MD simulations were conducted to assess the binding
determinants of the peptide-coated gold nanocluster [72]. The results reveal highly charged peptides
(+5) employed for functionalizing the metallic nanocluster. Moreover, the driving force behind the
binding of the nanocluster to the protein arose from the electrostatic interaction between the
positively charged peptides within the nanostructure and the acidic residues near the protein
binding site [72].
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4.2.2. Silver Nanomaterials

From a computational perspective, substantial progress has been made in understanding the
interaction between proteins and silver nanomaterials through a multiscale approach. This approach
combines atomistic MD simulations with coarse-grained simulations to investigate the interaction
between the ubiquitin protein, which is highly abundant, and citrate-coated silver nanoparticles [73].
Results suggest these interactions arise from electrostatic forces between the nanomaterial and
negatively charged protein residues. Additionally, It is significant to mention that the protein
structure remains unchanged upon binding, and at high ubiquitin concentrations, an additional
protein layer is formed [73].

4.2.3. Palladium Nanomaterials

Palladium-based nanostructures have received less attention than other noble metal-based
nanomaterials. Recent research employing experimental and computational methodologies has
unveiled their intriguing antibacterial properties. These properties have been observed in palladium
nanocrystals, which exhibit antibacterial efficacy against a spectrum of bacteria, encompassing
gram-negative and gram-positive strains. It is necessary to highlight that the antibacterial effects
depend on the morphology of the nanocrystals [74]. The mechanisms underlying the distinct
behaviors of the nanocrystal morphologies have been investigated. Specifically, one morphology
exhibits a robust generation of reactive oxygen species, while the other demonstrates superior
bacterial membrane penetration. This disparity elucidates the contrasting trends observed in
antibacterial efficacy against gram-negative and gram-positive bacteria [74].

4.3. Interactions of Hydroxyapatite Materials with Proteins

The deposition mechanism of physiologic hydroxyapatite crystals (mineralization) in
collagen-based tissues (bone, dentin, cementum, and calcified cartilage) is a poorly understood
complex process [75]. It is generally accepted that during hydroxyapatite (HA) formation, both
collagen and Phosphoproteins (PPs) regulate (promote or inhibit) the growth and proliferation of
HA [75].

Intrinsically disordered proteins (IDPs) are proteins whose structures are variable, gaining
more folded features when bound to their partners, accounting for ~30% of the human proteome
[76]. In vertebrate biomineralization, except collagen, small leucine-rich proteoglycans (SLRPs), and
some enzymes, the majority of proteins associated with hydroxyapatite (HA) formation and growth
are IDPs, as we recently reviewed [76] Recently, Tompa employed structure prediction to illustrate
that nearly all proteins associated with mineralization in the Swiss protein database were IDPs [77].

The critical interactions between proteins related to biomineralization and HA are not known.
However, several MD simulation studies have demonstrated that proteins are generally adsorbed by
electrostatic forces of different strengths, depending on the protein structure and surface charge[78].
Proteins related to the biomineralization process bind to HA; however, characterizing the adsorption
of proteins to solid surfaces is challenging [75]. The energy controlling the absorption of proteins
comes from intermolecular forces, such as Coulombic, van der Waals, Lewis acid-base, and
hydrophobic interactions. Temperature, pH, ionic strength, protein concentration, and surface
polarizability can influence these forces. Together, they control the conformational entropy of the
protein structure and the motilities of the protein over solid surfaces [13,79]. Experiments, in silico,
suggest that intrinsically disordered peptides absorbed to a surface with a complementary pattern
form a well-defined structure (a-helix), indicating that a specific surface can stabilize the structure of
an IDP peptide [75]. Wendy Shaw's group demonstrated the effect of a complementary surface
pattern surface on protein structure in vitro [80]. They used a peptide from Leucine-Rich
Amelogenin Protein (LRAP) to analyze the changes in the secondary structure when this peptide
was absorbed into HA and carbonated HA (CAP) [80]. The structure of LRAP peptide absorbed to
CAP was consistent with an a-helix, whereas when bound to HA, the structure corresponded more
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to a random coil [80]. We studied DPP peptides by FTIR spectroscopy and found the phosphorylated
peptides in solution in the presence of HA formed «a-helical structures and lost their random coil
characteristics [75]. Perhaps, through evolution, nature has found the most efficient strategy for
protein-surface interactions was using IDPs to bind to solid surfaces and, in this way, control the
nucleation, growth, and morphology of biominerals while still being able to interact with other
partners. IDPs do not have a structure to lose on binding and thus can form a more favorable
secondary structure on binding [76]. Figure 1.

Figure 1. Figure 1 shows two peptides with the same sequence. In Figure A, the peptide does not

show phosphorylation. Whereas, in Figure B, the peptide presents phosphorylation. Notice the
change in structure due to the surface charge of the peptides.

5. Basics of QSAR for Biopolymer Ligand Binding

During the development of drug design, it is crucial to fully understand the conformational
barriers involved in the ligand—target recognition process. Such a task can be achieved through
several techniques, including X-ray crystallography, nuclear magnetic resonance (NMR)
spectroscopy, and scanning electron microscopy (SEM) [81,82]. Additionally, computational
methods, such as molecular dynamics (MD) simulations, can be used [83]. MD is a computational
method commonly used to generate multiple target conformations, allowing significant backbone
and amino acid side chain rearrangements [84,85]. It has also been shown that MD yields better data
when mixed with docking simulations that allow for the visualization of ligand recognition behavior
and for the analysis of free energy values, in comparison with experimental results [84,86].

In the field of drug discovery, many efforts have been made to find ligands that act as either
agonists or antagonists. Computational tools, such as molecular modeling (including docking and
molecular dynamics simulations) and QSAR studies have been useful in designing new drugs
[87,88].

The quantitative structure-activity relationship (QSAR) is the process by which the chemical
structure correlates quantitatively with a well-defined process, such as the activity biological (union
of a drug with a receptor) or chemical reactivity (affinity of one substance for another to produce a
reaction). For example, biological activity can be expressed as the required concentration of a
substance to give a specific biological response. In addition, when physicochemical properties or
structures are expressed by numbers, we can construct a mathematical relationship, or quantitative
structure-activity relationship, between the two. The resulting mathematical expression can then be
used to predict the response of other chemical structures [89,90].

The most general mathematical form of QSAR is:
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Activity = f(physicochemical properties and /or structural properties)

This method calls for the assignment of some parameters to each chemical group, so that by
modifying the chemical structure, the contribution of each functional group to the activity of the
drug, or the toxic, in question can be assessed and correlate it to how the activity of that substance
will vary [91].

The basic assumption of QSAR is that similar molecules will have a similar activity. The
underlying problem is how to define a small difference at the molecular level, because each type of
activity (for example, chemical reaction capacity, biotransformation capacity, solubility, etc.) could
depend on another difference. It has been found that very often it is not true that all similar
molecules have similar activities [92,93].

The QSAR method that requires 3D structures, such as crystallography of known drug
molecules, is called 3D-QSAR. This method uses calculated potentials of a set of small molecules
with known activities which is later superimposed to experimental data by employing computed
potentials such as the potential of Lennard-Jones, rather than to experimental constants and is
focused in the properties of the whole molecule rather than in a simple substituent. When the
method examines the steric fields (shape of the molecule) and the electrostatic fields based on the
function of applied energy it is named Comparative Molecular Field Analysis (CoOMFA) [94].

The dataset of a typical high throughput screening (HTS) of biologically active compounds can
contain over 10,000 compounds. However, these data sets cannot be used directly for modeling
purposes due to the presence of duplicates, artifacts, and other issues. Thus, chemical structure
curation and standardization is an integral step in QSAR modeling. This process includes the
removal of inorganic compounds, structural interconversion, normalization of chemotypes, the
treatment of tautomeric forms and removal of duplicates [95].

A substantial number of molecular descriptors must encode the resulting chemical structures
used in QSAR model building. Molecular descriptors are a way in which molecules are transformed
into numbers, allowing some mathematical treatment of the chemical information contained in the
molecule. Commonly used descriptors are classified in topological, geometrical, thermodynamic,
electronic and constitutional quantities. Generally speaking the QSAR model is built by using only a
few descriptors that are valid for closely related compounds [93].

The data space created is subsequently reduced utilizing an extraction of variables, also called
dimensionality reduction. There are many methods that can be applied to achieve this task, such as
genetic algorithms or any other learning method such as support vector machines or artificial neural
networks [92].

The final part of QSAR model development is model validation when the true predictive power
of the model is established. Obtaining a good quality QSAR model depends on many factors, such as
the quality of input data, the choice of descriptors and statistical methods for modeling and for
validation. Validation is the process by which the reliability and relevance of a procedure are
established for a specific purpose [96]. To validate of QSAR models various strategies are adopted:
(a) internal validation or cross-validation, (b) external validation by splitting the available data set
into training set for model development and prediction set for model predictivity check, (c) blind
external validation by application of model on new external data and (d) data randomization for
verifying the absence of chance correlation between the response and the modeling descriptors[96].

Once the best model is obtained, the next step is to perform a virtual screening on the
compound data base to find potential drug candidates via molecular similarity approaches and
pharmacophore models. This process allows the prediction and selection of the best ligands. The last
step in the line is to perform experiments to validate the proposed compounds [93].

Some examples of MD simulations, Quantum Mechanics simulations and QSAR modeling
applied to molecules to pharmacological interest are described below.

5.1. Human Serum Albumin Promiscuity

Proteins are macromolecules consisting of different numbers and sequences of amino acids,
which allow them to adopt different 3D structures and possess unique biological functions. Among
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the most important of these biological functions are biochemical reaction catalysis, cellular signal
generation, ligand transport, and structural support. The overall protein structure is flexible under
natural conditions. As such, it is possible that regulatory proteins have different binding sites and
undergo ligand-binding site conformational changes during the process of ligand binding [97,98].
However, it has been shown that some monomeric proteins are capable of binding to several ligands
at different sites. These types of proteins have been termed ligand promiscuous. This behavior is a
feature of human serum albumin (HSA), the most abundant plasma protein, and is characterized by
its surprising capacity to bind a large variety of biologically active molecules. The reason for the high
degree of promiscuity of HSA remains unclear [99]. Deeb et al. (2010) performed five-nanosecond
MD simulations on HSA to study the conformational features of its primary ligand binding sites (I
and II) [100]. Additionally, 11 HSA snapshots were extracted every 0.5 ns to explore the binding
affinity (Kd) of 94 known HSA binding drugs using a blind docking procedure. MD simulations
indicated that there is considerable flexibility for the protein, including the known sites I and II.
Structural analyses and docking simulations evidenced movements at HSA sites I and II. The latter
enabled the study and analysis of the HSA-ligand interactions of warfarin and ketoprofen (ligands
binding to sites I and II, respectively) in greater detail. Those results indicated that the free energy
values by docking (Kd observed) depend upon the conformations of both HSA and the ligand. The
94 HSA-ligand binding Kd values, obtained by the docking procedure, were subjected to a
quantitative structure-activity relationship (QSAR) study by multiple regression analysis. The best
correlation between the observed and QSAR theoretical (Kd predicted) data was displayed at 2.5 ns.
This study provides evidence that HSA binding sites I and II interact specifically with a variety of
compounds through conformational adjustments of the protein structure in conjunction with ligand
conformational adaptation to these sites. These results serve to explain the high ligand-promiscuity
of HAS [100].

5.2. Antimicrobial Peptides

Over the last decade several disease-causing microbes have become resistant to antibiotic drug
therapy and came to be a significant public health problem. Some of these organisms resistant to all
approved antibiotics are related to diseases such as tuberculosis, pneumonia, gonorrhea, septicemia,
wound infections, and biofilms and to date they can only be treated with experimental and
potentially toxic drugs. Therefore, there is an urgent need to develop new antimicrobial drugs in
order to surmount the increasing resistance of pathogens to existing antibiotics [101]. Naturally
occurring antibiotics are the right place to start. Molecules with such potential are the antimicrobial
peptides (AMPs) found in insects, animals and plants since they have functioned as an essential
component of the natural innate immunity system of living organisms against pathogens, and most
importantly the microorganisms have not developed resistance. Moreover, many AMPs act mainly
on bacterial membranes, in contrast to most antibiotics which usually target specific proteins
[102,103].

Velasco-Bolom et al. (2018) performed 12 ps all-atom MD simulation of the AMPs Pandinin 2
(Pin2) and Pin2GVG to explore their adsorption mechanism and the role of their constituent amino
acid residues when interacting with pure POPC and pure POPG membrane bilayers. (Pin2) is an
alpha-helical polycationic peptide, identified and characterized from the venom of the African
scorpion Pandinus imperator with high antimicrobial activity against Gram-positive bacteria and
less active against Gram-negative bacteria, however it has demonstrated strong hemolytic activity
against sheep red blood cells. In the chemically synthesized Pin2GVG analog, the GVG motif grants
it low hemolytic activity while keeping its antimicrobial activity [72,102]. Figure 2.
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Figure 2. The results of MD simulations show that Pin2 and Pin2GVG affect differently the surface of
the membranes according to their composition. Both PAMs interact more favorably with a POPG
membrane since the area affected is twice that of the POPC membrane.

Starting from an a-helical conformation, both AMPs are attracted at different rates to the POPC
and POPG bilayer surfaces due to the electrostatic interaction between the positively charged amino
acid residues and the charged moieties of the membranes. Since POPG is an anionic membrane, the
PAMs adhesion is stronger to the POPG membrane than to the POPC membrane and they are
stabilized more rapidly. This study reveals that, before the insertion begins, Pin2 and Pin2GVG
remained partially folded in the POPC surface during the first 300 and 600 ns, respectively, while
they are mostly unfolded in the POPG surface during most of the simulation time. The unfolded
structures provide for a large number of intermolecular hydrogen bonds and stronger electrostatic
interactions with the POPG surface. The results show that the aromatic residues at the N-terminus of
initiate the insertion process in both POPC and POPG bilayers. As for Pin2GVG in POPC the
C-terminus residues seem to initiate the insertion process while in POPG this process seems to be
slowed down due to a strong electrostatic attraction. The membrane conformational effects upon
PAMs binding are measured in terms of the area per lipid and the contact surface area. Several
replicas of the systems lead to the same observations [102,103]. Figure 3.
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Figure 3. Figure 3 depicting the pore formed after 50 ns of coarse-grained MD simulations of a Pin2
oligomer. The pore diameter is narrowest at the center and has an affinity for Cl- ions. For clarity,
water molecules and phospholipid chains have been omitted. Gray spheres are the phosphate head
groups, the green spheres are Cl- ions, and the yellow are Na+ ions.

5.3. Human Vasopressin V1a Receptor

Arginine—vasopressin (AVP) is a nonapeptide hormone secreted mainly from the posterior
pituitary gland. AVP exerts multiple biological actions both as a hormone and as a neurotransmitter.
AVP acts on three different vasopressin receptors (VPRs) that belong to the GPCR group: the Vla,
V1b, and V2 receptors. V1aR is mainly expressed on platelets, liver, and vascular smooth muscle,
where it plays an essential role in platelet aggregation, glycogenolysis, and vascular contraction.
Several peptide analogues of AVP have been used as potent VPR antagonists, despite their poor oral
bioavailability and reduced therapeutic effect. Currently, non-peptide VPR antagonists (vaptans) are
being investigated for clinical use [104,105].

Contreras-Romo et al. (2014) studied a set of 134 V1aR antagonists using molecular modeling
and QSAR studies to identify the ligand recognition properties that explain their pharmacological
effects [104].

The docking results suggest that the ligand recognition of V1aR is mediated by p-p and
p—cation interactions with F207, W211, and R214, which become critical residues in the binding
pocket of this receptor. Residues such as V217, 1310, and Q311 engage in hydrogen bonds and
hydrophobic interactions, suggesting an important participation in ligand recognition. Hydrogen
bond interactions with the N atom of side chain of R214 suggest that a heterocyclic ring in the ligand
structure is needed for a high affinity to V1aR. SR121463 is not benzodiazepine derivative, but its
affinity for V2R is approximately 100 times greater than for V1aR. Similarly, SSR149415 also lacks the
heterocyclic ring, but it has high V1bR antagonistic activity. Thus, the data coupled with the QSAR
studies suggest that heteroatoms, in the azepine such as N and O, are essential structural
components for recognition on V1aR [104].
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6. Conclusions

Biomedical engineering faces several issues to understand how the living beings or
biomolecules responses when they are in intimate contact with distinct biomaterials, how to
improve the biocompatibility of biomaterials of different nature, and as equally important is
understand the responses of materials when they are in contact with a biological environment.
Therefore, it is of great importance to predict the intimate interactions between biomaterials and
living systems. It is fundamental to understand water organization around of biomaterials, how
these waters layers can affect the absorption of core proteins and their folding. A developed surface
that allows rapid absorption of proteins in their native configuration and where cell adhesion sites
are exposed will allow a better cell differentiation, proliferation, and migration is essential for tissue
regeneration. The generation of models helps us generate data for a greater prediction of the
systems.

Computational techniques as molecular dynamics simulations have been used to gain a better
understanding of these interactions, biomolecules and biomaterials surfaces, could affect the
functionality of the biomaterials inside of biological systems [34]. An ideal modeling should explain
the mechanisms by which a biomaterial can induce biological or adverse effects. These models also
should predict the likelihood of a given effect can happen and the magnitude of it, then infer the
properties (biological effects, physical and mechanical properties) this system and other similar
systems not tested yet [76]. The bioengineers must be able to answer these questions in the interface
between the body and the surrounding environment at nano-, micro- and meso-scale [34].

In summary, molecular modeling plays a pivotal role in advancing our understanding of
interactions at polymer-water interfaces. While significant strides have been made in this field, the
journey towards a complete comprehension of the roles of moisture, morphology, and mechanics is
ongoing. Nevertheless, computational modeling remains an invaluable tool that continually evolves
and pushes the boundaries of knowledge in biopolymers with biomedical applications.

Author Contributions: Ramon Gardufio-Juarez: Conceptualization, Writing - original draft, Writing - review &
editing, David Octavio Tovar Anaya: Writing & review, Jose Manuel Perez-Aguilar: Conceptualization,
Writing - original draft, Writing - review & editing , Luis Fernando Lozano-Aguirre Beltran: Writing & review,
Rafael Arturo Zubillaga Luna: Writing & review, Marco Antonio Alvarez Perez: Writing & review, & Eduardo
Villarreal-Ramirez: Conceptualization, Writing - original draft, Writing - review & editing.

Funding: This work was financially supported by DGAPA-UNAM (IN230220 & IN209123) grants to E.
Villarreal-Ramirez, along with a CONAHCYT A1-S-9178 grant to M.A. Alvarez-Perez. D.O. Tovar-Anaya
expresses gratitude to DGAPA-UNAM for the postdoctoral fellowship awarded. The authors extend their
appreciation to Miztli of the Direccion de Cémputo y de Tecnologias de Informaciéon y Comunicacion
(LANCAD-UNAM-DGTIC-324)..

Acknowledgments: This work was financially supported by DGAPA-UNAM (IN230220 & IN209123) grants to
E. Villarreal-Ramirez, along with a CONAHCYT A1-5-9178 grant to M.A. Alvarez-Perez. D.O. Tovar-Anaya
expresses gratitude to DGAPA-UNAM for the postdoctoral fellowship awarded. The authors extend their
appreciation to Miztli of the Direccion de Cémputo y de Tecnologias de Informaciéon y Comunicacion
(LANCAD-UNAM-DGTIC-324)..

Conflicts of Interest: There are no conflicts to declare.

References

1. Bronzino, J. 1 - BIOMEDICAL ENGINEERING: A HISTORICAL PERSPECTIVE. In Introduction to
Biomedical Engineering (Second Edition), Enderle, ]J.D., Blanchard, S.M., Bronzino, J.D., Eds.; Academic
Press: Boston, 2005; pp. 1-29.

2. Stal, L.J. Biopolymer. In Encyclopedia of Astrobiology, Gargaud, M., Amils, R., Quintanilla, J.C., Cleaves,
H.J., Irvine, W.M., Pinti, D.L., Viso, M., Eds.; Springer Berlin Heidelberg: Berlin, Heidelberg, 2011; pp.
199-200.

3.  Stupp, SI; Braun, P.V. Molecular Manipulation of Microstructures: Biomaterials, Ceramics, and
Semiconductors. Science 1997, 277, 1242-1248, doi:10.1126/science.277.5330.1242.



Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 29 February 2024 d0i:10.20944/preprints202402.1682.v1

17

4.  Ratner, B.D.; Hoffman, A.S.; Schoen, F.J.; Lemons, J.E. Introduction - Biomaterials Science: An Evolving,
Multidisciplinary Endeavor. In Biomaterials Science (Third Edition), Ratner, B.D., Hoffman, A.S., Schoen,
F.J., Lemons, ].E., Eds.; Academic Press: 2013; pp. xxv-xxxix.

5. Kaplan, D.L. Introduction to Biopolymers from Renewable Resources. In Biopolymers from Renewable
Resources, Kaplan, D.L., Ed.; Springer Berlin Heidelberg: Berlin, Heidelberg, 1998; pp. 1-29.

6.  Grunwald, L; Rischka, K.; Kast, S.M.; Scheibel, T.; Bargel, H. Mimicking biopolymers on a molecular scale:
nano(bio)technology based on engineered proteins. Philosophical Transactions of the Royal Society A:
Mathematical, Physical and Engineering Sciences 2009, 367, 1727-1747, d0i:10.1098/rsta.2009.0012.

7.  Costa, D.; Garrain, P.A; Baaden, M. Understanding small biomolecule-biomaterial interactions: A review
of fundamental theoretical and experimental approaches for biomolecule interactions with inorganic
surfaces. Journal of Biomedical Materials Research Part A 2013, 101A, 1210-1222, doi:10.1002/jbm.a.34416.

8. Vogler, E.A. Protein adsorption in three dimensions. Biomaterials 2012, 33, 1201-1237,
doi:https://doi.org/10.1016/j.biomaterials.2011.10.059.

9. Lu, J-X,; Burton, S.D.; Xu, Y.S.; Buchko, G.W.; Shaw, W.]. The flexible structure of the K24528 region of
Leucine-Rich Amelogenin Protein (LRAP) bound to apatites as a function of surface type, calcium,
mutation, and ionic strength. Front. Physiol. 2014, 5, 254-254, doi:10.3389/fphys.2014.00254.

10. Corni, S.; Kokh, D.B.; Ozboyaci, M.; Wade, R.C. Modeling and simulation of protein—surface interactions:
achievements and challenges. Quarterly Reviews of Biophysics 2016, 49, ed,
doi:10.1017/50033583515000256.

11. Halliwell, C.M. Nanoanalytical measurement of protein orientation on conductive sensor surfaces.
Analyst 2004, 129, 1166-1170, doi:10.1039/B413508N.

12.  Ostuni, E.; Chapman, R.G.; Holmlin, R.E.; Takayama, S.; Whitesides, G.M. A Survey of Structure-Property
Relationships of Surfaces that Resist the Adsorption of Protein. Langmuir : the ACS journal of surfaces and
colloids 2001, 17, 5605-5620, doi:10.1021/1a010384m.

13. Rabe, M,; Verdes, D.; Seeger, S. Understanding protein adsorption phenomena at solid surfaces. Advances
in Colloid and Interface Science 2011, 162, 87-106, doi:papers2://publication/doi/10.1016/j.cis.2010.12.007.

14. Jamadagni, S.N.; Godawat, R.; Garde, S. How Surface Wettability Affects the Binding, Folding, and
Dynamics of Hydrophobic Polymers at Interfaces. Langmuir : the ACS journal of surfaces and colloids
2009, 25, 13092-13099, doi:10.1021/1a9011839.

15. Chen, X.; Weber, I.; Harrison, R.W. Hydration Water and Bulk Water in Proteins Have Distinct Properties
in Radial Distributions Calculated from 105 Atomic Resolution Crystal Structures. The Journal of Physical
Chemistry B 2008, 112, 12073-12080, doi:10.1021/jp802795a.

16. Fogarty, A.C.; Laage, D. Water Dynamics in Protein Hydration Shells: The Molecular Origins of the
Dynamical Perturbation. The Journal of Physical Chemistry B 2014, 118, 7715-7729, doi:10.1021/jp409805p.

17. Laage, D.; Elsaesser, T.; Hynes, ].T. Water Dynamics in the Hydration Shells of Biomolecules. Chemical
Reviews 2017, 117, 10694-10725, doi:10.1021/acs.chemrev.6b00765.

18. Alder, B.J.; Wainwright, T.E. Studies in Molecular Dynamics. I. General Method. The Journal of Chemical
Physics 1959, 31, 459-466, doi:10.1063/1.1730376.

19. Bereau, T. Computational compound screening of biomolecules and soft materials by molecular
simulations. Modelling and Simulation in Materials Science and Engineering 2021, 29, 023001,
doi:10.1088/1361-651X/abd042.

20. Dhabal, D.; Jiang, Z.; Pallath, A.; Patel, A.J. Characterizing the Interplay between Polymer Solvation and
Conformation. The Journal of Physical Chemistry B 2021, 125, 5434-5442, d0i:10.1021/acs.jpcb.1c02191.

21. Abkevich, V.L; Gutin, A.M.; Shakhnovich, E.I. How the first biopolymers could have evolved. Proceedings
of the National Academy of Sciences 1996, 93, 839-844, doi:10.1073/pnas.93.2.839.

22. vander Giessen, E.; Schultz, P.A.; Bertin, N.; Bulatov, V.V.; Cai, W.; Csanyi, G.; Foiles, S.M.; Geers, M.G.D.;
Gonzélez, C.; Hiitter, M.; et al. Roadmap on multiscale materials modeling. Modelling and Simulation in
Materials Science and Engineering 2020, 28, 043001, d0i:10.1088/1361-651X/ab7150.

23. Salahub, D.R. Multiscale molecular modelling: from electronic structure to dynamics of nanosystems and
beyond. Physical Chemistry Chemical Physics 2022, 24, 9051-9081, d0i:10.1039/D1CP05928A.

24. Lazim, R,; Suh, D.; Choi, S. Advances in Molecular Dynamics Simulations and Enhanced Sampling
Methods for the Study of Protein Systems. International Journal of Molecular Sciences 2020, 21, 6339.

25. Badar, M.S.; Shamsi, S.; Ahmed, J.; Alam, M.A. Molecular Dynamics Simulations: Concept, Methods, and
Applications. In Transdisciplinarity, Rezaei, N., Ed.; Springer International Publishing: Cham, 2022; pp.
131-151.

26. Tuckerman, M.E. Statistical Mechanics: Theory and Molecular Simulation; Oxford University Press: 2023.

27. Petrenko, R.; Meller, J. Molecular Dynamics. In Encyclopedia of Life Sciences.

28. Spreiter, Q.; Walter, M. Classical Molecular Dynamics Simulation with the Velocity Verlet Algorithm at
Strong External Magnetic Fields. Journal of Computational Physics 1999, 152, 102-119,
doi:https://doi.org/10.1006/jcph.1999.6237.



Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 29 February 2024 d0i:10.20944/preprints202402.1682.v1

18

29. Jones, D.; Allen, ].E.; Yang, Y.; Drew Bennett, W.F.; Gokhale, M.; Moshiri, N.; Rosing, T.S. Accelerators for
Classical Molecular Dynamics Simulations of Biomolecules. Journal of Chemical Theory and Computation
2022, 18, 4047-4069, doi:10.1021/acs.jctc.1c01214.

30. Singh, N.; Li, W. Recent Advances in Coarse-Grained Models for Biomolecules and Their Applications.
International Journal of Molecular Sciences 2019, 20, 3774.

31. Cerutti, D.S.; Freddolino, P.L.; Duke, R.E., Jr.; Case, D.A. Simulations of a Protein Crystal with a High
Resolution X-ray Structure: Evaluation of Force Fields and Water Models. The Journal of Physical
Chemistry B 2010, 114, 12811-12824, doi:10.1021/jp105813;.

32. Iwamoto, N. Water Effects in Polymers Through Molecular Dynamics. In Proceedings of the 2018 IEEE
68th Electronic Components and Technology Conference (ECTC), 29 May-1 June 2018, 2018; pp. 1659-1667.

33. Bellissent-Funel, M.-C.; Hassanali, A.; Havenith, M.; Henchman, R.; Pohl, P.; Sterpone, F.; van der Spoel,
D.; Xu, Y.; Garcia, A.E. Water Determines the Structure and Dynamics of Proteins. Chemical Reviews 2016,
116, 7673-7697, d0i:10.1021/acs.chemrev.5b00664.

34. Carugo, O. Protein hydration: Investigation of globular protein crystal structures. International Journal of
Biological Macromolecules 2017, 99, 160-165, doi:https://doi.org/10.1016/j.ijpiomac.2017.02.073.

35. Scoppola, E.; Sodo, A. McLain, SylviaE.; Ricci, Maria A.; Bruni, F. Water-Peptide Site-Specific
Interactions: A Structural Study on the Hydration of Glutathione. Biophysical Journal 2014, 106, 1701-1709,
doi:https://doi.org/10.1016/j.bp;j.2014.01.046.

36. Qin, Y; Wang, L; Zhong, D. Dynamics and mechanism of ultrafast water—protein interactions.
Proceedings of the National Academy of Sciences 2016, 113, 8424-8429, doi:10.1073/pnas.1602916113.

37. Conti Nibali, V.; Havenith, M. New Insights into the Role of Water in Biological Function: Studying
Solvated Biomolecules Using Terahertz Absorption Spectroscopy in Conjunction with Molecular
Dynamics Simulations. Journal of the American Chemical Society 2014, 136, 12800-12807,
doi:10.1021/ja504441h.

38. Dielmann-Gessner, J.; Grossman, M.; Conti Nibali, V.; Born, B.; Solomonov, I; Fields, G.B.; Havenith, M.;
Sagi, I. Enzymatic turnover of macromolecules generates long-lasting protein—-water-coupled motions
beyond reaction steady state. Proceedings of the National Academy of Sciences 2014, 111, 17857-17862,
doi:10.1073/pnas.1410144111.

39. Raschke, T.M. Water structure and interactions with protein surfaces. Current Opinion in Structural
Biology 2006, 16, 152-159, doi:https://doi.org/10.1016/j.sbi.2006.03.002.

40. Lopes, P.EM.; Guvench, O.; MacKerell, A.D. Current Status of Protein Force Fields for Molecular
Dynamics Simulations. In Molecular Modeling of Proteins, Kukol, A., Ed.; Springer New York: New York,
NY, 2015; pp. 47-71.

41. Pattni, V.; Vasilevskaya, T.; Thiel, W.; Heyden, M. Distinct Protein Hydration Water Species Defined by
Spatially Resolved Spectra of Intermolecular Vibrations. The Journal of Physical Chemistry B 2017, 121,
7431-7442, d0i:10.1021/acs.jpcb.7b03966.

42. Persson, F.; Soderhjelm, P.; Halle, B.; D., K.I; W., K. The spatial range of protein hydration. The Journal of
Chemical Physics 2018, 148, 215104, doi:10.1063/1.5031005.

43. Vlachakis, D.; Bencurova, E.; Papangelopoulos, N.; Kossida, S. Chapter Seven - Current State-of-the-Art
Molecular Dynamics Methods and Applications. In Advances in Protein Chemistry and Structural
Biology, Donev, R., Ed.; Academic Press: 2014; Volume 94, pp. 269-313.

44. Zhou, J.; Ranjith, P.G. Insights into interfacial behaviours of surfactant and polymer: A molecular
dynamics simulation. Journal of Molecular Liquids 2022, 346, 117865,
doi:https://doi.org/10.1016/j.molliq.2021.117865.

45.  Yin, Q.; Zhang, L.; Jiang, B.; Yin, Q.; Du, K. Effect of water in amorphous polyvinyl formal: insights from
molecular dynamics simulation. Journal of Molecular Modeling 2015, 21, 2, doi:10.1007/s00894-014-2551-7.

46. Zhou, R. Modeling of Nanotoxicity: Molecular Interactions of Nanomaterials with Bionanomachines;
Springer International Publishing.

47. Liping, T.; Paul, T.; Wenjing, H. Surface Chemistry Influences Implant Biocompatibility. Current Topics in
Medicinal Chemistry 2008, 8, 270-280, doi:http://dx.doi.org/10.2174/156802608783790901.

48. Firkowska-Boden, I.; Zhang, X.; Jandt, K.D. Controlling Protein Adsorption through Nanostructured
Polymeric Surfaces. Advanced Healthcare Materials 2018, 7, 1700995, doi:doi:10.1002/adhm.201700995.

49. Zhou, R. Introduction. In Modeling of Nanotoxicity: Molecular Interactions of Nanomaterials with
Bionanomachines; Springer International Publishing: Cham, 2015; pp. 1-15.

50. Qun, W.; Meng-hao, W.; Ke-feng, W.; Yaling, L.; Hong-ping, Z.; Xiong, L.; Xing-dong, Z. Computer
simulation of biomolecule-biomaterial interactions at surfaces and interfaces. Biomedical Materials 2015,
10, 032001.

51. Debouck, C. The HIV-1 Protease as a Therapeutic Target for AIDS. AIDS Research and Human
Retroviruses 1992, 8, 153-164, d0i:10.1089/aid.1992.8.153.



Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 29 February 2024 d0i:10.20944/preprints202402.1682.v1

19

52.  Friedman, S.H.; DeCamp, D.L.; Sijbesma, R.P.; Srdanov, G.; Wudl, F.; Kenyon, G.L. Inhibition of the HIV-1
protease by fullerene derivatives: model building studies and experimental verification. Journal of the
American Chemical Society 1993, 115, 6506-6509, doi:10.1021/ja00068a005.

53. Chen, B.X;; Wilson, S.R.; Das, M.; Coughlin, D.J.; Erlanger, B.F. Antigenicity of fullerenes: Antibodies
specific for fullerenes and their characteristics. Proceedings of the National Academy of Sciences 1998, 95,
10809-10813, doi:10.1073/pnas.95.18.10809.

54. Braden, B.C; Goldbaum, F.A.; Chen, B.-X,; Kirschner, A.N.; Wilson, S.R.; Erlanger, B.F. X-ray crystal
structure of an anti-Buckminsterfullerene antibody Fab fragment: Biomolecular recognition of C60.
Proceedings of the National Academy of Sciences 2000, 97, 12193-12197, doi:10.1073/pnas.210396197.

55. Noon, W.H.; Kong, Y.; Ma, J. Molecular dynamics analysis of a buckyball-antibody complex. Proceedings
of the National Academy of Sciences 2002, 99, 6466-6470, doi:10.1073/pnas.022532599.

56. Kang, S.-g.; Zhou, G.; Yang, P.; Liu, Y.; Sun, B.; Huynh, T.; Meng, H.; Zhao, L.; Xing, G.; Chen, C,; et al.
Molecular mechanism of pancreatic tumor metastasis inhibition by Gd@C82(OH)22 and its implication for
de novo design of nanomedicine. Proceedings of the National Academy of Sciences 2012, 109, 15431-15436,
do0i:10.1073/pnas.1204600109.

57. Kang, S.-g.; Huynh, T.; Zhou, R. Non-destructive Inhibition of Metallofullerenol Gd@C82(OH)22 on WW
domain: Implication on Signal Transduction Pathway. Scientific Reports 2012, 2, 957,
doi:10.1038/srep00957.

58. Kang, S.-g.; Huynh, T.; Zhou, R. Metallofullerenol Gd@C82(OH)22 distracts the proline-rich-motif from
putative binding on the SH3 domain. Nanoscale 2013, 5, 2703-2712, doi:10.1039/C3NR33756A.

59. Prato, M.; Kostarelos, K.; Bianco, A. Functionalized Carbon Nanotubes in Drug Design and Discovery.
Accounts of Chemical Research 2008, 41, 60-68, doi:10.1021/ar700089b.

60. Nepal, D.; Geckeler, K.E. Proteins and Carbon Nanotubes: Close Encounter in Water. Small 2007, 3,
1259-1265, doi:https://doi.org/10.1002/sml11.200600511.

61. Chiu, C.-c; Maher, M.C,; Dieckmann, G.R.; Nielsen, 5.0. Molecular Dynamics Study of a Carbon
Nanotube Binding Reversible Cyclic Peptide. ACS Nano 2010, 4, 2539-2546, d0i:10.1021/nn901484w.

62. Salvador-Morales, C.; Townsend, P.; Flahaut, E.; Vénien-Bryan, C.; Vlandas, A.; Green, M.L.H.; Sim, R.B.
Binding of pulmonary surfactant proteins to carbon nanotubes; potential for damage to lung immune
defense mechanisms. Carbon 2007, 45, 607-617, doi:https://doi.org/10.1016/j.carbon.2006.10.011.

63. Botas, C.; Poulain, F.; Akiyama, J.; Brown, C.; Allen, L.; Goerke, J.; Clements, J.; Carlson, E.; Gillespie, A.M.;
Epstein, C.; et al. Altered surfactant homeostasis and alveolar type II cell morphology in mice lacking
surfactant protein D. Proceedings of the National Academy of Sciences 1998, 95, 11869-11874,
doi:10.1073/pnas.95.20.11869.

64. Ge, C; Du, J.; Zhao, L.; Wang, L.; Liu, Y.; Li, D.; Yang, Y.; Zhou, R.; Zhao, Y.; Chai, Z.; et al. Binding of
blood proteins to carbon nanotubes reduces cytotoxicity. Proceedings of the National Academy of Sciences
2011, 108, 16968-16973, d0i:10.1073/pnas.1105270108.

65. Zuo, G.; Huang, Q.; Wei, G.; Zhou, R.; Fang, H. Plugging into Proteins: Poisoning Protein Function by a
Hydrophobic Nanoparticle. ACS Nano 2010, 4, 7508-7514, d0i:10.1021/nn101762b.

66. Zuo, G.; Gu, W,; Fang, H.; Zhou, R. Carbon Nanotube Wins the Competitive Binding over Proline-Rich
Motif Ligand on SH3 Domain. The Journal of Physical Chemistry C 2011, 115, 12322-12328,
doi:10.1021/jp2026303.

67. Nel, A.E.; Méadler, L.; Velegol, D.; Xia, T.; Hoek, EM.V.; Somasundaran, P.; Klaessig, F.; Castranova, V.;
Thompson, M. Understanding biophysicochemical interactions at the nano-bio interface. Nature
Materials 2009, 8, 543-557, d0i:10.1038/nmat2442.

68. Zuo, G.; Zhou, X.; Huang, Q.; Fang, H.; Zhou, R. Adsorption of Villin Headpiece onto Graphene, Carbon
Nanotube, and C60: Effect of Contacting Surface Curvatures on Binding Affinity. The Journal of Physical
Chemistry C 2011, 115, 23323-23328, doi:10.1021/jp208967t.

69. Rosi, N.L.; Mirkin, C.A. Nanostructures in Biodiagnostics. Chemical Reviews 2005, 105, 1547-1562,
do0i:10.1021/cr030067f.

70. Colangelo, E.; Comenge, J.; Paramelle, D.; Volk, M.; Chen, Q.; Lévy, R. Characterizing Self-Assembled
Monolayers on  Gold  Nanoparticles.  Bioconjugate = Chemistry = 2017, 28, 11-22,
doi:10.1021/acs.bioconjchem.6b00587.

71. Liu, R; Wang, Y.; Yuan, Q.; An, D; Li, ]J,; Gao, X. The Au clusters induce tumor cell apoptosis via
specifically targeting thioredoxin reductase 1 (TrxR1) and suppressing its activity. Chemical
Communications 2014, 50, 10687-10690, doi:10.1039/C4CC03320E.

72. An, D, Su, J.; Weber, ].K,; Gao, X.; Zhou, R;; Li, ]. A Peptide-Coated Gold Nanocluster Exhibits Unique
Behavior in Protein Activity Inhibition. Journal of the American Chemical Society 2015, 137, 8412-8418,
doi:10.1021/jacs.5b00888.

73. Ding, F,; Radic, S.; Chen, R.; Chen, P.; Geitner, N.K.; Brown, ].M.; Ke, P.C. Direct observation of a single
nanoparticle-ubiquitin corona formation. Nanoscale 2013, 5, 9162-9169, doi:10.1039/C3NR02147E.



Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 29 February 2024 d0i:10.20944/preprints202402.1682.v1

20

74. Fang, G.; Li, W.; Shen, X.; Perez-Aguilar, ].M.; Chong, Y.; Gao, X.; Chai, Z.; Chen, C; Ge, C.; Zhou, R.
Differential Pd-nanocrystal facets demonstrate distinct antibacterial activity against Gram-positive and
Gram-negative bacteria. Nature Communications 2018, 9, 129, doi:10.1038/s41467-017-02502-3.

75. Villarreal-Ramirez, E.; Eliezer, D.; Gardufio-Juarez, R.; Gericke, A.; Perez-Aguilar, ].M.; Boskey, A.
Phosphorylation regulates the secondary structure and function of dentin phosphoprotein peptides. Bone
2017, 95, 65-75, doi:https://doi.org/10.1016/j.bone.2016.10.028.

76. Boskey, A.L.; Villarreal-Ramirez, E. Intrinsically disordered proteins and biomineralization. Matrix
Biology 2016, 52-54, 43-59, doi:http://dx.doi.org/10.1016/j.matbio.2016.01.007.

77. Pancsa, R.; Schad, E.; Tantos, A.; Tompa, P. Emergent functions of proteins in non-stoichiometric
supramolecular assemblies. Biochimica et Biophysica Acta (BBA) - Proteins and Proteomics 2019, 1867,
970-979, doi:https://doi.org/10.1016/j.bbapap.2019.02.007.

78. Hunter, GK.;; OYoung, J.; Grohe, B.; Karttunen, M.; Goldberg, H.A. The Flexible Polyelectrolyte
Hypothesis of Protein-Biomineral Interaction. Langmuir : the ACS journal of surfaces and colloids 2010,
26, 18639-18646, doi:papers2://publication/d0i/10.1021/1a100401r.

79. Kim, ]. Systematic approach to characterize the dynamics of protein adsorption on the surface of
biomaterials using proteomics. Colloids and Surfaces B: Biointerfaces 2020, 188, 110756,
doi:https://doi.org/10.1016/j.colsurfb.2019.110756.

80. Shaw, W.].; Ferris, K. Structure, Orientation, and Dynamics of the C-Terminal Hexapeptide of LRAP
Determined Using Solid-State NMR. The Journal of Physical Chemistry B 2008, 112, 16975-16981,
doi:10.1021/jp808012g.

81. Chadha, R.; Bhandari, S. Drug-excipient compatibility screening—Role of thermoanalytical and
spectroscopic techniques. Journal of Pharmaceutical and Biomedical Analysis 2014, 87, 82-97,
doi:https://doi.org/10.1016/j.jpba.2013.06.016.

82. Zheng, H.; Handing, K.B.; Zimmerman, M.D.; Shabalin, I.G.; Almo, S.C.; Minor, W. X-ray crystallography
over the past decade for novel drug discovery — where are we heading next? Expert Opinion on Drug
Discovery 2015, 10, 975-989, doi:10.1517/17460441.2015.1061991.

83. Mahapatra, M.K,; Karuppasamy, M. Chapter 2 - Fundamental considerations in drug design. In Computer
Aided Drug Design (CADD): From Ligand-Based Methods to Structure-Based Approaches, Rudrapal, M.,
Egbuna, C., Eds.; Elsevier: 2022; pp. 17-55.

84. McGee, T.D.; Edwards, J.; Roitberg, A.E. Preliminary Molecular Dynamic Simulations of the Estrogen
Receptor Alpha Ligand Binding Domain from Antagonist to Apo. International Journal of Environmental
Research and Public Health 2008, 5, 111-114, doi:10.3390/ijerph5020111.

85. Zhao, H.; Caflisch, A. Molecular dynamics in drug design. European Journal of Medicinal Chemistry 2015,
91, 4-14, doi:https://doi.org/10.1016/j.ejmech.2014.08.004.

86. Malathi, K,; Ramaiah, S. Bioinformatics approaches for new drug discovery: a review. Biotechnology and
Genetic Engineering Reviews 2018, 34, 243-260, doi:10.1080/02648725.2018.1502984.

87. Ramirez-Galicia, G.; Gardufio-Judrez, R.; Correa-Basurto, J.; Deeb, O. Exploring QSARs for inhibitory
effect of a set of heterocyclic thrombin inhibitors by multilinear regression refined by artificial neural
network and molecular docking simulations. Journal of Enzyme Inhibition and Medicinal Chemistry 2012,
27,174-186, d0i:10.3109/14756366.2011.582467.

88. Macalino, SJ.Y.; Gosu, V.; Hong, S.; Choi, S. Role of computer-aided drug design in modern drug
discovery. Archives of Pharmacal Research 2015, 38, 1686-1701, doi:10.1007/s12272-015-0640-5.

89. Ishikawa, T.; Hirano, H.; Saito, H.; Sano, K., Ikegami, Y., Yamaotsu, N.; Hirono, S. Quantitative
Structure-Activity Relationship (QSAR) Analysis to Predict Drug-Drug Interactions of ABC Transporter
ABCG2. Mini-Reviews in Medicinal Chemistry 2012, 12, 505-514,
doi:http://dx.doi.org/10.2174/138955712800493825.

90. Martinez-Archundia, M.; Colin-Astudillo, B.; Moreno-Vargas, L.M.; Ramirez-Galicia, G.; Gardufio-Judrez,
R.; Deeb, O.; Contreras-Romo, M.C.; Quintanar-Stephano, A.; Abarca-Rojano, E.; Correa-Basurto, J. Ligand
recognition properties of the vasopressin V2 receptor studied under QSAR and molecular modeling
strategies. Chemical Biology & Drug Design 2017, 90, 840-853, doi:d0i:10.1111/cbdd.13005.

91. Deeb, O.; Martinez-Pachecho, H.; Ramirez-Galicia, G.; Gardufio-Judrez, R. Application of Docking
Methodologies in QSAR-Based Studies. Pharmaceutical Sciences: Breakthroughs in Research and Practice
2017, 850-876, d0i:10.4018/978-1-5225-1762-7.ch033.

92. Vilar, S.; Costanzi, S. Predicting the Biological Activities Through QSAR Analysis and Docking-Based
Scoring. In Membrane Protein Structure and Dynamics: Methods and Protocols, Vaidehi, N.,
Klein-Seetharaman, J., Eds.; Humana Press: Totowa, NJ, 2012; pp. 271-284.

93. Cherkasov, A.; Muratov, E.N.; Fourches, D.; Varnek, A.; Baskin, LI.; Cronin, M.; Dearden, J.; Gramatica, P.;
Martin, Y.C.; Todeschini, R.; et al. QSAR Modeling: Where Have You Been? Where Are You Going To?
Journal of Medicinal Chemistry 2014, 57, 4977-5010, doi:10.1021/jm4004285.

94. Leach, A.R. Molecular modelling : principles and applications, 2nd ed. ed.; Harlow etc. Prentice Hall:
Harlow [etc., 2001.



Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 29 February 2024 d0i:10.20944/preprints202402.1682.v1

21

95. Rasulev, B. Recent Developments in 3D QSAR and Molecular Docking Studies of Organic and
Nanostructures. In Handbook of Computational Chemistry, Leszczynski, J.,, Kaczmarek-Kedziera, A.,
Puzyn, T., G. Papadopoulos, M., Reis, H., K. Shukla, M., Eds.; Springer International Publishing: Cham,
2017; pp. 2133-2161.

96. Veerasamy, R.; Rajak, H.; Jain, A,; Sivadasan, S.; Christapher, P.V.; Agrawal, R. Validation of QSAR
Models - Strategies and Importance. Int ] Drug Design and Discov 2011, 2, 511-519.

97. Uversky, V.N. Chapter One - Protein intrinsic disorder and structure-function continuum. In Progress in
Molecular Biology and Translational Science, Uversky, V.N., Ed.; Academic Press: 2019; Volume 166, pp.
1-17.

98. Nam, K.;; Wolf-Watz, M. Protein dynamics: The future is bright and complicated! Structural Dynamics
2023, 10, 014301, doi:10.1063/4.0000179.

99. Putri, RM.; Zulfikri, H.; Fredy, ].W.; Juan, A.; Tananchayakul, P.; Cornelissen, J.J.L.M.; Koay, M.S.T.;
Filippi, C.; Katsonis, N. Photoprogramming Allostery in Human Serum Albumin. Bioconjugate Chemistry
2018, 29, 2215-2224, doi:10.1021/acs.bioconjchem.8b00184.

100. Deeb, O.; Rosales-Hernandez, M.C.; Gémez-Castro, C.; Garduno-Juérez, R.; Correa-Basurto, J. Exploration
of human serum albumin binding sites by docking and molecular dynamics flexible ligand—protein
interactions. Biopolymers 2010, 93, 161-170, doi:doi:10.1002/bip.21314.

101. Lei, J.; Sun, L.; Huang, S.; Zhu, C,; Li, P.; He, ].; Mackey, V.; Coy, D.H.; He, Q. The antimicrobial peptides
and their potential clinical applications. American journal of translational research 2019, 11, 3919-3931.

102. Velasco-Bolom, J.-L.; Corzo, G.; Gardufio-Juarez, R. Molecular dynamics simulation of the membrane
binding and disruption mechanisms by antimicrobial scorpion venom-derived peptides. Journal of
Biomolecular Structure and Dynamics 2018, 36, 2070-2084, doi:10.1080/07391102.2017.1341340.

103. Velasco-Bolom, J.-L.; Corzo, G.; Gardufio-Juarez, R. Folding profiles of antimicrobial scorpion
venom-derived peptides on hydrophobic surfaces: a molecular dynamics study. Journal of Biomolecular
Structure and Dynamics 2020, 38, 2928-2938, d0i:10.1080/07391102.2019.1648319.

104. Contreras-Romo, M.C.; Martinez-Archundia, M.; Deeb, O.; Slusarz, M.J.; Ramirez-Salinas, G.;
Gardufio-Juarez, R.; Quintanar-Stephano, A.; Ramirez-Galicia, G.; Correa-Basurto, J. Exploring the Ligand
Recognition Properties of the Human Vasopressin V1a Receptor Using QSAR and Molecular Modeling
Studies. Chemical Biology & Drug Design 2014, 83, 207-223, doi:d0i:10.1111/cbdd.12229.

105. Yoshimura, M.; Conway-Campbell, B.; Ueta, Y. Arginine vasopressin: Direct and indirect action on
metabolism. Peptides 2021, 142, 170555, doi:https://doi.org/10.1016/j.peptides.2021.170555.

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those
of the individual author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s)
disclaim responsibility for any injury to people or property resulting from any ideas, methods, instructions or
products referred to in the content.



