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Abstract

Computational chemistry provides versatile methods for studying the properties and functioning of biological systems at
different levels of precision and at different time scales. The aim of this article is to review the computational methodolo-
gies that are applicable to rhodopsins as archetypes for photoactive membrane proteins that are of great importance both in
nature and in modern technologies. For each class of computational techniques, from methods that use quantum mechanics
for simulating rhodopsin photophysics to less-accurate coarse-grained methodologies used for long-scale protein dynamics,
we consider possible applications and the main directions for improvement.
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Introduction

Rhodopsins constitute a large class of membrane proteins
that are found in many species, from ancient protobacteria
(archea) to human beings. As the cofactor, they use the retinal
chromophore or its derivatives, which are covalently bound
to a seven-transmembrane helix protein, opsin. Retinylidene
proteins function as light sensors, ion pumps, and even thermo-
and chemosensors (Govorunova et al. 2017; Rotov et al. 2018;
Smith 2010). After photon absorption or other types of cofac-
tor activation, isomerization of the chromophore triggers
a series of subsequent structural reorganizations of the pro-
tein. Both physical properties, such as electronic absorption
wavelength, and the functions of the different rhodopsins are
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determined by the primary structure of the protein. Rhodopsin
primary structure modification allows for functional diversi-
fication of these proteins, which are widely utilized both in
nature and technology (Govorunova et al. 2016; Hochbaum
et al. 2014; Nikolaev et al. 2019b).

For this reason, understanding the correlation between
structure and function in opsins and rhodopsins is an
important task in the biophysical research field. To accom-
plish such a goal, both experimental and computational
approaches are applied. Experimental techniques can reveal
many important details of rhodopsin structure, starting from
the primary sequence up to oligomeric aggregates within a
membrane environment; they can detect and characterize
intermediates of the rhodopsin photosequence; and deter-
mine the timescale for their rising and disappearing starting
from femtoseconds up to hours. These techniques include
X-ray crystallography (Gushchin et al. 2015; Volkov et al.
2017); nuclear magnetic resonance (NMR) (Jensen et al.
2014; Mertz et al. 2012), Raman (Gellini et al. 2000; Saint
Clair et al. 2012b), electronic (UV-visible) (Maclaurin et al.
2013), circular dichroism (CD) (Thomas et al. 2009), and
Fourier transform infrared (FTIR) spectroscopies (Chen
et al. 2018; Hein et al. 2003; Saint Clair et al. 2012a),
together with electron microscopy (Krebs et al. 2003) and
neutron scattering (Perera et al. 2018; Shrestha et al. 2016).
From another side, computational modeling offers an addi-
tional dimension for the understanding of rhodopsin struc-
ture and function. Computational models can both support
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the interpretations of experimental findings and provide
additional insights with atomistic resolution. In this review,
we provide the detailed description of the computational
techniques that are used for rhodopsin modeling, starting
from an evaluation of the local conformational dynam-
ics based on the available X-ray structure and the primary
sequence, up to the global protein dynamics on the millisec-
ond time scale with coarse-grained approaches.

Main Approaches and Methodologies Used
for Computational Modeling of Opsins
and Rhodopsins

More broadly, rhodopsins refer to the group of either homol-
ogous or nonhomologous proteins comprising an opsin apo-
protein and a retinylidene chromophore. Contrary to their
name, microbial rhodopsins occur not only in archaea and
bacteria, but also in eukaryotes (such as algae). (Recall that
prokaryotes are divided into two domains, archaea and bac-
teria, while eukaryotes comprise a third distinct life domain.)
Prokaryotic rhodopsins include bacteriorhodopsins, archaer-
hodopsins, proteorhodopsins, xanthorhodopsins, halorho-
dopsins, and sensory rhodopsins; and unicellular algae and
other eukaryotes contain channelrhodopsins. Various ion-
translocating microbial rhodopsins find important applica-
tions in optogenetics, which uses light to modulate neuronal
activity in cells genetically modified to express light-sensi-
tive ion channels. Microbial rhodopsins are different from
and are nonhomologous to any of the G-protein-coupled
receptor (GPCR) families. The microbial rhodopsins have
significant sequence homology to one another, yet they
have no detectable homology to the GPCR family to which
animal visual rhodopsins belong. Nevertheless, microbial
rhodopsins and GPCRs are possibly evolutionarily related
because of their analogous three-dimensional structures;
they are members of the same superfamily.

Rhodopsin (visual purple) is the opsin with bound 11-cis
retinal that is responsible for scotopic (dim light) vision in
vertebrate animals. The cofactor retinal is bound as a Schiff
base to a conserved lysine residue on the seventh transmem-
brane helix (H7). Vertebrate visual opsins include not only
rhodopsin, but also the cone opsins, which are the color-
sensing pigments. Depending on the number of cone opsins
(colors detected) animals are classified as dichromats (dogs,
cats), trichromats (humans), and tetrachromats (some birds
and mantis shrimps). In addition, melanopsin is found in
the retina and is involved in circadian rhythms, and pinop-
sin occurs in the pineal gland of the brain, which produces
melatonin, a serotonin-derived hormone that modulates sleep
patterns in both circadian and seasonal light cycles. Visual
rhodopsin and the vertebrate opsins in animals are members

@ Springer

of the large GPCR gene family. The Rhodopsin class (Fam-
ily A) GPCRs includes the opioid receptors, the cannabinoid
receptors, dopamine receptors, and the -adrenergic receptors
(Weis and Kobilka 2018).

Initial Construction of Three-Dimensional Models
for Rhodopsin Proteins

In order to perform computational analysis of the proper-
ties and dynamics for any protein system, including opsins
and rhodopsins, a high-quality three-dimensional structure
of the protein is required (Fig. 1 shows an example of dark-
and light-activated rhodopsins). In most studies, an X-ray
structure of the target visual rhodopsin pigment or micro-
bial rhodopsin is used. However, experimental structures
are not always available for rhodopsins, or their intermedi-
ates and mutants. In this case, a three-dimensional structure
has to be predicted starting from the corresponding protein
amino-acid sequence, with methodologies described in the
next section. To complete the three-dimensional model,
either constructed based on the X-ray structure, or pre-
dicted starting from the amino-acid sequence, one has to
determine the protonation states of all the titratable resi-
dues. In addition, one must predict the locations of the
water molecules that can be only partially resolved by
X-ray crystallography.

Prediction of Three-Dimensional Rhodopsin
Structure

If an X-ray structure is available, the optimal strategy is to
begin with this conformation and proceed to the next steps
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Fig.1 X-ray structures of rhodopsin in the dark (left, PDB code 1U19)
and active metarhodopsin-II states (right, PDB code 3PQR). Retinal
ligand is shown in red for the dark state and in blue for the active metar-
hodopsin-II state. Major amino-acid residues involved in rearrangement
of hydrogen-bonding networks leading to activation are indicated
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that are described in the “Prediction of Water Molecule
Localizations”; “Prediction of the Protonation State for
Titratable Residues”; and “Insertion into a Lipid Mem-
brane Environment” sections. Otherwise, one has to predict
a three-dimensional structure of the protein based on its
primary amino-acid sequence. For protein structure predic-
tion, two general strategies are applied—either ab initio
or homology modeling (Dorn et al. 2014). In the ab initio
approach, the protein folding process is modeled under
the guidance of a physically realistic energy function by
sampling the protein conformational space using molecular
dynamics or Monte Carlo simulations. Even though this
approach is more fundamental, it requires the investigation
of a huge conformational space, and, therefore, it is very
computationally expensive (Dorn et al. 2014; Khan et al.
2016; Lee et al. 2017). Accordingly, the ab initio approach
is rarely used alone, giving preference to homology mod-
eling methods that can include ab initio modeling as an
integral part (Wu et al. 2007).

Homology modeling methods use the X-ray structures of
close homologs as an initial approximation (template). To
choose the appropriate template, alignment of the primary
sequences of the target protein and the possible template
protein is carried out, and the template protein with the most
similar amino-acid sequence is selected (Chothia and Lesk
1986). Usually, to find the appropriate template protein(s)
and perform accurate sequence alignment, automatic algo-
rithms that search the databases of protein structures are
used (Hill and Deane 2012; Soding 2004; Wu and Zhang
2008). To predict the target structure on the basis of the
selected template, the following approaches are generally
applied.

(i) In the global approach to structure building, at the
first step, a complete backbone structure is modeled, and
then it is reorganized under the constraint of a specific
energy function. To build the initial conformation, the fol-
lowing algorithm is usually applied. The structures of the
conserved regions are extracted from the template(s) and
reorganized in the proper order. The conserved regions
are defined on the basis of the target-template sequence
alignment. The conformation of nonconserved regions is
generated using the ab initio approach (Eswar et al. 2006;
Roy et al. 2010; Song et al. 2013). Next, the conforma-
tional search is performed using Monte Carlo or molecular
dynamics-based approaches with the guidance of a specific
energy function. Usually, three kinds of energy functions
are used and combined: physically based energy functions
(Alford et al. 2017), statistically driven energy functions
(Yang et al. 2015) and energy functions that represent tem-
plate-derived spatial constraints (Eswar et al. 2006). The
sampling procedure can be aimed at the optimization of
either the energy or free energy of the system. In the latter

case, the conformations generated during the sampling pro-
cedure are clustered (on the basis of geometrical similarity)
(Zhang and Skolnick 2004). As a general rule, it is assumed
that the largest clusters correspond to the conformations
with the lowest free energy. Then, the centroids of the larg-
est clusters are generated as prefinal models. To obtain the
final conformations, the prefinal models are additionally
optimized to avoid steric clashes that may occur during the
generation of the centroid models (Yang et al. 2015; Yang
and Zhang 2015).

(if) For local structure building, the core of the structure
is extracted from the template (for membrane proteins, it is
the center of the transmembrane region) (Ebejer et al. 2013;
Kelm et al. 2010). Afterward, the structure is completed on
a residue-by-residue basis. Following the addition of each
amino acid, local optimization of its orientation is performed
to predict its most optimal position. Usually, during the ini-
tial conformational search, only the backbone atoms are
modeled, and the side chains are represented only by their
centers of mass (Yang et al. 2015). When the final confor-
mation is predicted, the side chains are added from specific
rotamer libraries. The orientations of the side chains that do
not lead to the emergence of steric clashes are selected, and
the final energy optimization is performed (Xu and Zhang
2011).

In a recent study (Nikolaev et al. 2018), the performance
of several modern homology modeling approaches that com-
bine algorithms for structural construction and optimization
have been compared. A set of 24 rhodopsins, both visual and
archaeal, were investigated (Nikolaev et al. 2018). This study
demonstrated that the correct choice and usage of modern
homology methodologies allows for accurate prediction of
average structural properties of rhodopsin proteins (Yang
and Zhang 2015). Even then, to evaluate the quality of
homology modeling-based rhodopsins for subsequent com-
putational modeling, further investigations are needed. It is
also worth mentioning that all modern homology modeling
algorithms do not consider the retinal moiety, and, for this
reason, the orientation of side chains in the retinal-binding
cavity can be incorrect. Although these inaccuracies can lead
to steric clashes when the retinal cofactor is inserted in the
model, optimization of retinal geometry on the molecular
mechanics (MM) level can be applied to overcome these
problems (Nikolaev et al. 2018).

Prediction of Water Molecule Localizations

When experimental data about the locations of water mol-
ecules in thodopsins are not available or incomplete, compu-
tational algorithms for predicting water molecules in protein
cavities are applied. The pipeline of such algorithms can be
divided into two general steps: finding the possible water
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positions; and evaluation of the propensity of positioning
the water molecules at the defined locations.

(i) Initially, comparatively simple approaches that
involved finding protein cavities with a probe radius and
energy minimization of water molecules in the cavity were
applied (Zhang and Hermans 1996). With the development
of docking algorithms, stochastic approaches were intro-
duced (Trott and Olson 2010). These approaches combine
global and local optimization techniques to find all possible
water positions in a given cavity with subsequent clustering
of the possible positions (Trott and Olson 2010).

(i1) To evaluate the propensity of a water molecule to
be placed at a certain location inside a protein cavity, two
approaches are used. In the first approach, implemented
in the Dowser (Zhang and Hermans 1996) and Dowser++
(Morozenko and Stuchebrukhov 2016) algorithms, the
potential energy of interaction between the water mol-
ecule and the environment is calculated. The proposed
energy function includes terms that consider van der
Waals interactions (approximated by the 6-12 Lennard-
Jones potential), electrostatic interactions with charges on
protein atoms, and electrostatic interactions with water
molecules inside the same cavity. In all the water predic-
tion algorithms, Marsili—Gasteiger partial charges are usu-
ally applied for the calculation of electrostatic interactions
(Gasteiger and Marsili 1980). This approach does not take
into account the entropy of the water molecules inside the
cavity. However, the developers of these algorithms assume
that the entropy factor is small (~ 1 kcal/mol) (Morozenko
et al. 2014). If the value of the potential energy describing
the interaction of the water molecule with the cavity envi-
ronment is less than a certain threshold, e.g., — 10 kcal/
mol in Dowser and — 4 kcal/mol in Dowser++, the water
molecule is accepted.

In the second approach, implemented in the WaterDock
(Ross et al. 2012) and WaterDock 2.0 (Sridhar et al. 2017)
programs, an empirical energy function that describes the
free energy of placing a water molecule inside the target
cavity, i.e., including the entropy factor, is proposed. This
energy function involves terms that take into account steric,
hydrophobic, and hydrogen-bonding interactions, and is
essentially empirical—it is not based on the actual physi-
cal potentials (Ross et al. 2012; Trott and Olson 2010).
Thus, to predict water positions in protein cavities, mod-
ern algorithms analyze each possible cavity by testing all
possible positions of water molecules inside it. The pos-
sible water positions are scored and clustered, generating
a small number of final variants. Finally, the energy or free
energy of the possible water molecules inside a cavity is
calculated, and those water molecules that are energetically
unfavorable are removed. It should be mentioned that for
rhodopsins, comparative studies of these methodologies
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have not yet been conducted, and further investigations
are needed to fill this gap. To further improve the qual-
ity of water prediction, more accurate estimation of the
water—protein interaction energy should be considered.
Such approaches can estimate the free energy of transfer-
ring a water molecule from the bulk to a specific site in
the protein cavity, and optimize the position of a water
molecule in the cavity by free energy minimization. While
free energy calculations are still computationally expen-
sive, and cannot be applied to test all protein cavities,
they can be used in critical cases, i.e., when highly struc-
tured functionally important water clusters are concerned.
Besides, to develop strategies for improvement, extensive
benchmarks that compare existing algorithms should be
performed. To our knowledge, the algorithms for water pre-
diction have never been tested on a large class of proteins.
Rather, the test pools were limited by the small amount of
globular proteins with sufficient numbers of water mol-
ecules resolved in the X-ray structure.

Prediction of the Protonation State for Titratable
Residues

To predict the protonation state of titratable residues, in pro-
teins pK, calculations of these residues are performed. The
most widely applied algorithms for pK, calculations imply
empirical implicit approaches. For example, the algorithm
implemented in the PROPKA program (Olsson et al. 2011)
takes into account electrostatic interactions of the ionizable
residues with charges and dipoles of the protein environ-
ment, as well as van der Waals interactions. In addition, the
algorithm considers the hydrogen bonding and desolvation
energy, i.e., the free energy of transferring the amino acid
from the bulk to the protein environment. While MM-based
or QM/MM-based calculations of such energy terms are
computationally expensive, the algorithm implemented in
PROPKA applies empirical parameters (Olsson et al. 2011;
Rostkowski et al. 2011). Recently, a new method for predict-
ing the protonation states was developed and implemented
in the Rosetta program package (Kaufmann et al. 2010).
It defines the most energetically favorable states during
sampling under the guidance of the modified force field.
The modification required adding a term that considers the
probability of protonation at a given pH to the potential
energy function (Kilambi and Gray 2012). In other strate-
gies, calculations of all-atom MD trajectories for the protein
in explicit or implicit solvents, as well as QM/MM calcula-
tions, have been applied to evaluate pK, values. In addition,
modern algorithms apply Monte Carlo sampling to optimize
the hydrogen-bonding network in the protein (Dolinsky
et al. 2004, 2007). These approaches are computationally
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expensive (Schaefer et al. 2005; Simonson et al. 2004), but
they can be indispensible in some challenging cases, and
their usage will be increasing. Prediction of the protonation
state of titratable residues is a general biological problem
of special importance, and these methodologies are always
improving.

The major problem of all pK, calculation approaches
is that they evaluate pK, values only for an immobile or
“frozen” protein conformation. However, during the dynam-
ics occurring under the natural conditions, the pK, values
change with the alteration of protein conformation, mean-
ing that the protonation state of the ionizable residue also
fluctuates. For this reason, it would be much more natural
to apply algorithms for pK, calculation and protonation of
titratable residues “on the fly”” during the molecular dynam-
ics simulations. Such an approach is partially implemented
in constant-pH molecular dynamics (Khandogin and Brooks
2005). Even then, modern constant-pH MD algorithms do
not apply accurate methods of the pK, estimation. Thus,
the combination of the most accurate pK, calculations with
constant-pH molecular dynamics simulations is a possible
direction of improvement in this field.

Insertion into a Lipid Membrane Environment

In order to take the natural environment of membrane pro-
teins into account, a model constructed as described above
has to be inserted into the lipid bilayer. Two approaches
are commonly used for this purpose. In the first approach,
the membrane bilayer is implicitly considered by applying
a membrane-imitating electrostatic field (Im et al. 2003;
Mori et al. 2016; Ulmschneider and Ulmschneider 2009).
Even though this approach seems to be less accurate than
the explicit membrane modeling, it has two important advan-
tages. First, an implicit membrane model greatly reduces the
computational cost of the calculations, and allows for more
extensive sampling (Grossfield 2008). Second, the implicit
membrane imitates the average electrostatics, which is closer
to the natural conditions, thus enabling better investigation
of the rhodopsin conformational space in the lipid membrane
environment (Feig 2008; Ulmschneider and Ulmschneider
2009).

On the other hand, explicit parameters for different types
of lipid bilayers have been extensively developed in the last
decade (Cordomi et al. 2012; Jambeck and Lyubartsev 2012;
Klauda et al. 2010; Pastor and MacKerell 2011). These
include saturated (e.g., DMPC, DPPC), and unsaturated
(e.g., DOPC, POPC) lipid types (Jimbeck and Lyubartsev
2012). Among the most recent advances in this area, the
Lipids14 membrane parameters should be mentioned (Dick-
son et al. 2014). In this work, the authors developed the
optimal lipid parameters that allow for accurate reproduction

of natural thermodynamic and dynamic properties of lipid
bilayers during short and long MD simulations. These
parameters are compatible with the AMBER force field
(Lindorff-Larsen et al. 2010). For the CHARMM force field,
appropriate lipid parameters are also available (Leonard
et al. 2018; Pastor and MacKerell 2011).

Another problem related with the explicit membrane
modeling is the development of accurate algorithms for
insertion of the protein into a membrane lipid bilayer. The
most straightforward approach, which is commonly applied,
is cutting out a cavity of the proper size in the preequili-
brated lipid bilayer, inserting a membrane protein inside the
cavity, and performing accurate optimization of the whole
system. Recently, a new approach, implemented in LAM-
BADA and InflateGro algorithms, was proposed (Schmidt
and Kandt 2012). Here, the relative orientation of the mem-
brane protein and the lipid bilayer is determined on the
basis of the protein hydrophobicity profile. Lipid molecules
“inflate” in order to provide enough space among them-
selves for the protein. Afterward, the lipid bilayer shrinks
back to envelop the protein without inducing any steric
clashes. The authors showed that implementation of this
algorithm allows for physically realistic membrane embed-
ding, even if a heterogeneous membrane is considered. For
rhodopsins, all these algorithms can be applied on a regular
basis at present.

Computational Strategies that can be
Applied for Rhodopsin Modeling

Here we consider visible rhodopsins and microbial rho-
dopsins for the purposes of illustration. As mentioned above,
visual rhodopsin is the archetype for the large Rhodopsin
class of (Family A) G-protein-coupled receptors, with an
increasing number of X-ray and cryo-electron microscopy
structures becoming available. Because this largest class of
vertebrate membrane proteins has around 800 members,
modeling approaches may be necessary for those members
whose tertiary structures are not currently available.

Hierarchy of Computational Models

To model the physical, chemical, and biological properties
of rhodopsin proteins, all the main approaches of computa-
tional chemistry and biophysics can be applied. The difficul-
ties that have to be overcome for successful implementation
of these computational methodologies are typical for flexible
molecular systems of this size (Fig. 2).

(i) First, due to the relatively large size of rhodopsin pro-
teins, the most general approaches, i.e., employing ab ini-
tio quantum chemistry or density functional theory (DFT),
can be used only as a part of a hybrid quantum mechanics/

@ Springer



430

M. N. Ryazantsev et al.

Fig.2 Hierarchy of rhodopsin
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molecular mechanics (QM/MM) model. In such QM/MM
models, a part of the protein, usually the chromophore, is
described at the quantum mechanics level; and the rest of
the protein is treated with a molecular mechanics force field.
Two main approaches, subtractive and additive, are used to
couple the QM and MM parts together (for details, see refs
(Chung et al. 2015; Lin and Truhlar 2007; Senn and Thiel
2009) and the section below). Another option is to imple-
ment a pure molecular mechanics (MM) model or even a
coarse-grained (CG) model. However, a QM/MM model
cannot be displaced by a pure MM model if one wants to
model “intrinsically” quantum mechanical processes, such
as light absorption, electron, proton, or energy transfer, due
to the difficulties in obtaining high-quality MM parameters
for modeling of chemical reactions.

(if) Second, again due to the comparatively large sizes of
these proteins and their relatively high flexibility, one has
to take the entropy factor into account even for modeling
stationary properties. It requires extensive conformational
searches with molecular dynamics or stochastic approaches,
i.e., calculations of energies for substantial numbers of con-
formations and, if molecular dynamics are the method of
choice, also the forces. The molecular dynamics approach
also has to be used if one wants to model the evolution of
the system over time. Obviously, more expensive QM/MM
approaches can be applied only to model relatively short
trajectories, starting from fs to ps. Still, the MM or CG mod-
els allow one to model the evolution of a system up to ms,
and they are also indispensable for extensive conformational

@ Springer

nuclear reorganization

>

large-scale protein
reorganization
(protein-lipid interactions,
protein unfolding)

Structural reorganization
from ps to several ps

searches and, therefore, the evaluation of the Gibbs free
energy.

Classical Force Fields: Types and Parameterization

The calculation of energies and forces (gradients) is one of
the central problems for quantum chemistry, and a number
of both ab initio and DFT methodologies are available to
perform this task. But even semiempirical ab intio and DFT
methods are relatively expensive, and allow only calcula-
tions of relatively short trajectories. For modeling long-time
events, or for extensive conformational space exploring, it
is still much more practical to use the approximation of the
potential energy surface of the molecular system in its low
energy region, i.e., the so-called molecular mechanics (MM)
approach. Setting the potential energy function for the MD
calculations requires determination of its functional form.
The most common approach is to use a potential energy
function U that will approximate the actual physical interac-
tions between atoms (Lindorff-Larsen et al. 2010). Usually
the potential includes van der Waals (approximated by a
6—12 Lennard-Jones potential) and Coulombic nonbonded
interactions between atoms, and the bonded interactions
between couples, triples, and tetrads of atoms. Many varia-
tions of these functional forms have been proposed, and they,
together with experimentally derived parameters, define a
force field. For example, the functional form of the general
AMBER force field (Cornell et al. 1995; Wang et al. 2004)
written in terms of potential energy reads:
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where r represents the Cartesian coordinates of the molecu-
lar system. The first term describes the bond stretches, lg is
the equilibrium distance between covalently bound atoms i
and j, and kg is the bond force constant. The second term
describes the bending of angles between three bonded
atoms, i, j, and m, where Ggm is the equilibrium value for the
corresponding angle, and kl‘.;m is the bending force constant.
The third term describes the torsional rotation of four
bonded atoms around the corresponding central bond. Here,
®;jmp 18 the dihedral angle, n is the multiplicity of the func-
tion, and ¢ is the phase shift. The final two terms describe
the nonbonded van der Waals and Coulombic interactions.

Another widely used force field, OPLS, has the same
functional form as the AMBER force field, with the only
difference in the term for torsional rotation, which is
described as a Fourier series of cosine functions (Kaminski
et al. 2001). The variations can also include introduction of
a cosine-based harmonic potential for the angles between
bonded atoms, as in the case of the GROMOS force field
(Oostenbrink et al. 2004). In other potentials, additional
terms are often added to obtain a better approximation of
the potential energy surface of the molecular system. Thus,
in the CHARMM force field (Vanommeslaeghe et al. 2010),
a harmonic term k(y — ,)? that treats out-of-plane bending
motion is introduced to keep certain groups planar. Fur-
thermore, an additional harmonic Urey—Bradley potential
is included that depends on the distance between the 1-3
bonded atoms to approximate the angle bending more accu-
rately. Recent versions of the CHARMM force field also
include grid-based energy correction mapping for back-
bone dihedral angles (CMAP) (Mackerell et al. 2004). As
described above, defining the values for all the constants
(parameters) is performed during the parametrization pro-
cedure. While the parameters for standard amino acids are
constantly updated and already have good accuracy (Klauda
et al. 2010; Lindorff-Larsen et al. 2010), the parametrization
of nonstandard cofactors, e.g., retinal, is not very accurate to
date, and requires further development (Mertz et al. 2011;
Zhu et al. 2013).

Parameterization for the Retinal Cofactor

To correctly model the retinal chromophore including its
structure and dynamics at the molecular mechanics (MM)
level, an accurate force field parameter set is required.
Usually, the development and optimization of force field

parameters is performed by fitting the results of molecular
mechanics calculations to the results of quantum chemical
calculations. The accuracy of the parameters can be also
evaluated by the ability of models based on these parameters
to correctly reproduce experimental data (X-ray or NMR
structures, Raman or CD spectroscopic results) (Ferrand
et al. 1993; Hamanaka et al. 1972; Zhou et al. 1993).

One of the first parameter sets for retinal was based on
ab initio (HF/6-31G* and MP2/6-31G*) calculations of buta-
diene geometry and rotational energy barriers, which were
extrapolated to the larger retinal moiety. In further studies,
Nina et al. (1995) considered the energy surfaces for hydro-
gen bonds between the retinylidene Schiff base moiety and
the water molecules in the retinal binding pocket as experi-
mentally observed in bacteriorhodopsin (De Groot et al.
1990; Harbison et al. 1988). In both cases, the parameter sets
were developed for the CHARMM force field (Cornell et al.
1995). Baudry et al. calculated ab initio the conformational
energies of several model compounds that represented the
parts of retinal (Baudry et al. 1997, 1999). Specifically, the
Gibbs free energy differences between different conforma-
tions (corresponding to all-trans, 13-trans-15-cis, 13-cis-15-
trans, (13,15)-cis retinal) were calculated at the MM level
using an umbrella sampling approach, and were compared to
the results of ab initio RHF/6-31G* and MP2/6-31G* calcu-
lations. In other studies, the parameter sets were developed
on the basis of DFT calculations (B3lyp/6-31G*) of proton
transfer and isomerization processes for different Schiff base
models, including the complete retinal Schiff base model, in
different environments (Tajkhorshid et al. 1997; Tajkhorshid
and Suhai 2000). The comparison of these two parameter
sets (developed on the basis of RHF/6-31G* Gibbs free
energy calculations and DFT calculations) showed that
the latter parameter set demonstrated higher isomerization
energy barriers (Tajkhorshid et al. 2000).

As a means of improving the existing parameter sets,
Hayashi et al. performed a QM/MM study of the retinal
dynamics (for the ground and excited states of the mol-
ecule) in a bacteriorhodopsin environment (Hayashi et al.
2002). On the basis of QM/MM results and the previous
DFT-based parameter set (Tajkhorshid et al. 2000), they
presented improved retinal parameters by introducing
additional improper torsional functions and a new charge
scheme calculated on the CASSCF level. Moreover, Hayashi
et al. also introduced additional force field parameters that
treated the interaction of the retinylidene Schiff base with
the nearby water molecules. One should note that an ear-
lier molecular dynamics study of squid rhodopsin showed
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Fig.3 Torsional potential energy surfaces showing that 1-6 interac-
tions affect retinal methyl rotation. a Comparison of QM (circles)
and MM (lines) methyl torsion angle energies in compounds 1 and
2. b 1-6 distance in compound 2 between methyl hydrogen and C1
vinyl hydrogen (closed) and C5 vinyl hydrogen (open). ¢ QM energy
as a function of methyl torsion angle in compounds 1, 3 (propane),
and 4 (propene). d Activation energies (E,) for C5-, C9-, and C13-
methyl groups from 2H NMR data for the dark, metarhodopsin-I, and
metarhodopsin-II states of rhodopsin compared to a typical methyl
dihedral energy barrier in a molecular mechanics force field. Steric
interactions and electrostatic potentials are shown mapped to surfaces
of 1 and 2. Adapted from Mertz et al. (2011) with permission from
Elsevier

that the DFT-based parameter set (Tajkhorshid and Suhai
2000) slightly overestimates the planarity of the retinal Schiff
base, making even the f-ionone ring coplanar with the pol-
yene chain (Jardon-Valadez et al. 2010). In a recent study,
the influence of different factors, including the applied QM
methodology, selected moiety of the retinal Schiff base for
the QM calculations of the final MM torsion parameters, and
the resulting planarity of the chromophore was thoroughly
investigated (Bondar et al. 2011). Further calculations of the
retinal torsional energy landscape revealed the significance
of the retinal methyl groups (Khandogin and Brooks 2005;
Mertz et al. 2011; Struts et al. 2011). It follows that to repro-
duce the proper planar structure and isomerization dynam-
ics of the retinal Schiff base, each methyl group should be
treated individually (Struts et al. 2011). Intraretinal rotational
potentials for the methyl groups change upon isomerization
and deprotonation. More symmetric local structures cor-
respond to lower rotational barriers (Fig. 3). These results
have facilitated the development of an improved parameter
set (Zhu et al. 2013). Here, the authors also introduced differ-
ent torsional parameter sets for protonated and deprotonated
retinal Schiff bases. Specifically, the MP2/6-31G* scans for
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each torsional degree of freedom were calculated for both
protonated and deprotonated retinylidene Schiff bases.

Further development of the retinal parameter sets is
related with automatic methodologies for force field param-
eterization on the basis of QM and QM/MM calculations.
For example, in a recent study, the force matching approach
was used to develop a new parameter set for retinal on the
basis of QM/MM calculations for bovine visual rhodopsin
(Doemer et al. 2013). Here, the algorithm minimizes the
deviation of the forces acting on the retinal atoms between
models obtained during the MM and QM/MM calculations.
Recently, this approach was also implemented to study the
photocycle of channelrhodopsin-2 (Ardevol and Hummer
2018). Thus, researchers were able to develop parameter
sets for the retinal chromophore in the environment of inter-
est. The extension of such automatic methodologies can be
related with machine learning approaches that have been
recently implemented to perform accurate parameterization
of water molecules (Wang et al. 2012) and metal ions (Frac-
chia et al. 2017). The increase of accuracy is related with the
improvement of the functional form of the force field that
can include more complex effects, such as charge transfer
and polarizability (Chen et al. 2008), and from the improve-
ment of parameter sets. To develop such force fields, accu-
rate sampling and accurate optimization procedures should
be used. Specifically, the applied sampling procedure should
generate structures that extensively represent the retinal con-
formational space in various environments (Fracchia et al.
2017).

Molecular Dynamics Simulations

Molecular dynamics (MD) is the most general computa-
tional approach to study protein properties and evolution.
Besides an exploration of the conformational space for
Gibbs free energy calculations as described below, MD can
be applied to study protein adaptation to specific environ-
ments, or to model the temporal evolution of the protein
during the rhodopsin photosequence. During MD calcula-
tions, the nuclear motion is described by solving Newton’s
equations of motion. The forces acting on the atoms are cal-
culated from the potential energy as follows:

dUu
F,=-22,
S @)

where r; represents the Cartesian coordinates of the tar-
get atom, and U is the potential energy function (potential
energy surface, PES).

Most of the MD studies of thodopsin dynamics have been
aimed at investigating the structural changes that occur dur-
ing the rhodopsin photocycle. For example, the coupling
of the retinal motion with the global reorganization of the
transmembrane helical bundle of rhodopsin, as well as the
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extracellular and cytoplasmic loop regions, has been ana-
lyzed (Crozier et al. 2003; Kazmin et al. 2015; Kholmuro-
dov et al. 2007). In several works, the computation of rho-
dopsin dynamics was combined with the results of NMR
experiments to obtain more detailed information (Hornak
et al. 2010; Lau et al. 2007; Leioatts et al. 2014; Mertz et al.
2012). Solid-state ’H NMR spectroscopy of deuterated lipid
membranes recombined with rhodopsin together with MD
simulations were used to study lipid—protein interactions
and the effect of the membrane environment on rhodopsin
activation and signal transduction (Huber et al. 2004). The
solid-state NMR and MD simulation data indicated similar
changes in order parameter profiles for the lipid acyl chains
in recombinant membranes, as compared to membranes
without rhodopsin. Here the important aspect is to confirm
experimentally that the membrane structure is simulated
correctly, before proceeding further with the analysis of
all-atom simulations of rhodopsin-containing membranes.
The authors concluded that the lipid membrane structure
changes to match the hydrophobic lipid—protein interface,
and thereby accommodate the transmembrane domain of
the receptor. One of the MD simulations of the dark state of
rhodopsin (Lau et al. 2007) has studied the retinal mobility,
and has revealed that the f-ionone ring may rotate around
the C6—C7 bond and may have multiple orientations in the
dark state. Solid-state 2H NMR spectra of the C5-methyl
group calculated based on the MD orientational distribution
agree well with experimental solid-state ’H NMR spectra
(Lau et al. 2007). Comparison of the 2H NMR spectra of the
retinal methyl groups calculated from MD angular distribu-
tion with the experimental spectra was also used to evaluate
proposed counterion models in the metarhodopsin-I state
(Leioatts et al. 2014; Martinez-Mayorga et al. 2006; Mertz
et al. 2012). The complex-counterion model showed good
agreement with the experimental >H NMR spectra, while the
counterion-switch mechanism did not (Fig. 4). Furthermore,
MD simulations have indicated that increased hydration of
the receptor takes place already in the preactive metarhodop-
sin-I state (Grossfield 2008; Leioatts et al. 2014).

Retinal Isomerization

One of the approaches to trigger retinal isomerization dur-
ing MD is the application of steered molecular dynamics
(SMD) (Lemaitre et al. 2005). In the SMD approach, an
additional force is applied to quickly overcome the high
energetic barrier of the isomerization. The authors (Lemai-
tre et al. 2005) observed good correspondence for the inter-
carbon distances (C10-C20, C11-C20, C8-C16, C8-C17,
C8-C18) and dihedral angles of the retinal polyene chain
obtained from '3C rotational-resonance NMR of metar-
hodopsin-I and calculated from a 10-ns MD simulation of
rhodopsin after retinal isomerization. They concluded that
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Fig.4 a Dark-state and b complex-counterion molecular dynamics
MD simulations showing concerted transition and elongation of the
retinal in rhodopsin’s activation. Solid-state H NMR spectra cal-
culated from MD simulations corroborate the complex-counterion
model. Spectra were calculated from the complex-counterion (¢ and
d), and counterion-switch (e and f) simulations. Simulation-based
spectra are colored as follows: (red) C5-methyl, (green) C9-methyl,
and (purple) C13-methyl group. These were compared to the dark-
states (c and e) and metarhodopsin-I (d and f) experimental 2H solid-
state NMR spectra (black). Adapted from Leioatts et al. (2014) with
permission from ACS

the retinal relaxation after isomerization (lumirhodopsin
or metarhodopsin-I states) extends by about 0.1-0.14 nm
along its long molecular axis; however it maintains almost
the same distance from helix H5 and helix H6. The NMR
distance restraints obtained from '*C dipolar-assisted rota-
tional-resonance (DARR) studies (Ahuja et al. 2009a, b;
Patel et al. 2004) were used in guided MD simulations of
the active metarhodopsin-II state. Throughout the course of
the simulation, initial distances (corresponding to the crys-
tal structure of rhodopsin in the dark state) were gradually
changed toward experimental NMR distances characterizing
active metarhodopsin-II. The MD simulation suggests that
the retinal straightens in the metarhodopsin-II state, and the
p-ionone ring translates by about 2 A toward helix H5. The
retinal motion leads to rearrangement of hydrogen bonding
between His211 and Glu122 and around extracellular loop
EL2, leading to its displacement toward the extracellular
side. All these changes stabilize the active metarhodopsin-II
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conformation. Notably, the 13C DARR restraints (Ahuja
et al. 2009a, b; Patel et al. 2004) do not support flipping of
the retinal (rotation about its long axis by more than 90°) in
the activation process. Meanwhile, two (Choe et al. 2011;
Deupi et al. 2012) out of three (Choe et al. 2011; Deupi
et al. 2012; Standfuss et al. 2011) crystallographic structures
of active rhodopsin have indicated flipped retinal with the
C9- and C13-methyl groups pointing toward the cytoplasmic
side.

Longer Time-Scale Molecular Dynamics Simulations

In a number of works, long time-scale MD simulations
have been performed to investigate long-lasting processes
in rthodopsin dynamics. Examples include studying rho-
dopsin deactivation processes, which involved modeling
of retinal orientational changes during the metarhodop-
sin-II-metarhodopsin-I transition (Feng et al. 2015). The
authors demonstrated the existence of a retinal flip about
its long-axis that occurs in active rhodopsin under con-
ditions favoring the inactive metarhodopsin-I state. In
addition, us sampling has been performed to study con-
formational ensembles of rhodopsin and opsin (Leioatts
et al. 2014). It has been shown that upon photoisomeriza-
tion, retinal destabilizes the inactive state of the recep-
tor, whereas the active ensemble was more structurally
homogenous. The active-like receptor without the ligand
was on the contrary more structurally heterogeneous, and
was able to transition from an active-like conformation to
an inactive one. Nevertheless, the authors emphasized that
the ps simulation is not long enough to explore transitions
between the states in a statistically significant way.

Lipid—Rhodopsin Interactions

Additional long time-scale MD simulations have been
aimed at studying rhodopsin interactions with the surround-
ing lipids. For example, the processes of palmitoylation at
specific cysteine sites have been thoroughly investigated
(Olausson et al. 2012). In other research, the effect of the
membrane environment on rhodopsin activation and signal
transduction has been insightfully studied by Grossfield and
coworkers (Grossfield 2011; Salas-Estrada et al. 2018). The
question addressed by MD simulation studies of lipid—pro-
tein interactions is how the lipids modulate rhodopsin (or
other GPCRs) function (Brown 1994, 2012, 2017). Is it
through specific interactions or bulk properties of the lipid
bilayer (Grossfield 2011)? Native membranes containing
rhodopsin have a unique composition; they are enriched in
polyunsaturated w-3 fatty acids and cholesterol. Polyunsatu-
rated lipids stabilize the active rhodopsin state, while cho-
lesterol shifts the equilibrium to the inactive metarhodpsin-I
state. Early MD simulations (Feller et al. 2003) indicated
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a preference for the w-3 docosahexanoyl chains to inter-
act with the protein. Later simulations identified distinct
sites on the protein surface forming tight interactions with
docosahexanoyl (DHA) (C22:6w-3) chains (Grossfield et al.
2006b), and suggested that the preference for polyunsatu-
rated chains at the protein surface was entropically driven
(Grossfield et al. 2006a). Recent MD simulations of rho-
dopsin in the dark, metarhodopsin-I, and metarhodopsin-II
states, as well as in forms of inactive and active opsin in
a SDPE lipid bilayer by Salas-Estrada et al. (2018), have
revealed that both types of interactions (influence through
macroscopic properties and specific binding-like events) are
present in the rhodopsin-containing membranes. Correla-
tions between the order parameters of saturated stearoyl
(STEA) (C18:0) chains in the vicinity of rhodopsin and the
state of the receptor were observed, indicating that more
ordered and longer STEA chains correspond to an elon-
gated active conformation of the protein (Salamon et al.
1999). On the other hand, comparatively long-lived (last-
ing > 500 ns) binding events for DHA and STEA chains
were observed 1.7 times more often for DHA. Most of the
long-lived DHA binding events occurred for the inactive
rhodopsin conformation (Fig. 5). It was also shown that the
proposed retinal flip may occur already in the dark state,
and that it is correlated with lipid-protein interactions
(Salas-Estrada et al. 2018).

Microbial Rhodopsins

All-atom MD simulations have also been applied to inves-
tigate the proton transfer processes in channelrhodopsin
(Takemoto et al. 2015). Here, the behavior of the protein
pore during the 150-ns MD simulations was analyzed with
models for the different protonation states of glutamate
residues located in the vicinity of the protein active site. In
another study, MD simulations were used to compare the
stability of different retinal conformations in deep-red cone
pigments of the American chameleon. The evaluation of the
retinal energy during the MD simulations has revealed that
these rhodopsins stabilize the 6-s-trans retinal conformation
rather than standard 6-s-cis conformation of the f-ionone
ring (Amora et al. 2008).

G-Protein-Coupled Receptors

Besides visual and microbial rhodopsins, it is worth men-
tioning, that MD simulations are a powerful tool for investi-
gation of activation/deactivation processes in various G-pro-
tein-coupled receptors, such as the f3,-adrenergic receptor
(Dror et al. 2011; Latorraca et al. 2016; Nygaard et al. 2013),
the p-opioid receptor (Huang et al. 2015), the serotonin
receptor (Wacker et al. 2017), and others. For example, long
MD trajectories starting from the active form of the receptor



Quantum Mechanical and Molecular Mechanics Modeling of Membrane-Embedded Rhodopsins 435

Intradiscal
space

Interdiscal

space
Higher occupancy: P

Dark state I
Meta |l S

Fig.5 Protein residues with significantly different DHA occupancies
in the dark and metarhodopsin-II states. Residues with higher occu-
pancies in the dark state are colored purple, whereas residues with
higher occupancies in the metarhodopsin-II state are colored red.
Adapted from Salas-Estrada et al. (2018) with permission from Else-
vier

have allowed simulating the conversion of the receptor into
its inactive form (Dror et al. 2011; Nygaard et al. 2013). In
other studies, long time-scale MD simulations were applied
to extensively investigate the conformational space of the
receptor, and thereby to define all possible stable conforma-
tions (Dror et al. 2009; Romo et al. 2010). In these studies,
the receptor demonstrated two possible inactive conforma-
tions—a “locked” conformation with a salt bridge between
the transmembrane alpha helices, and an open conforma-
tion without the salt bridge. Additional MD investigations
showed that the transition between the “locked” and open
conformations is regulated by the protonation state of a
single aspartic acid that is located at a distance of 20 A
away from the salt bridge (Vanni et al. 2010). The interac-
tion between the aspartic acid and the salt bridge entails
the reorganization of several intermediate polar residues.
An extensive investigation of the conformational space of
the receptor was also performed by applying the accelerated
MD approach (Tikhonova et al. 2013). A constant “boost”
potential was applied to the dihedral angles that are included

in the reaction coordinate of receptor activation. The “boost”
potential enabled the transitions to occur between the active
and inactive states, and allowed investigation of the influ-
ence of different antagonists on the conformational land-
scape of the receptor.

In addition, MD simulations have been applied to inves-
tigate the binding of different ligands to GPCRs, such as
the f,-adrenergic receptor. This method has allowed one
to define the binding site and the main steps involved in
the binding process (Kaszuba et al. 2010). In this way, it
was shown that one of the key steps of the binding pro-
cess is related with the reorganization and dislocation of
water molecules at the binding site. Another study of the
M2 muscarinic acetylcholine receptor by Dror et al. (2013)
using atomic-level simulations has revealed binding sites
for several allosteric modulators, and the mechanisms that
contribute to positive and negative allosteric modulation of
the classical ligand binding. It was shown that all modula-
tors interact with clusters of aromatic residues within the
extracellular vestibule of the receptor, located approximately
15A from the orthosteric ligand-binding site. Additional
MD simulations of the adenosine A,, receptor, the f,-
adrenergic receptor, and visual rhodopsin have been used
to study the functional role of internal water for receptor
activation (Yuan et al. 2014). The simulations reveal that a
continuous water channel forms only upon receptor activa-
tion (Leioatts et al. 2014).

A combination of molecular dynamics, radioligand bind-
ing, and thermostability experiments was used to investigate
the role of a sodium ion binding site in the allosteric modu-
lation of the human A,, adenosine receptor (Gutiérrez-de-
Teran et al. 2013). It was revealed that sodium ions selec-
tively bind and stabilize the inactive conformation of the
receptor, and that the binding of sodium ions and agonists
is mutually exclusive. Similar modulation was observed for
the M3 muscarinic GPCR through long-timescale acceler-
ated molecular dynamics (aMD) simulations (Miao et al.
2015). A subsequent MD study of the M2 muscarinic recep-
tor (Vickery et al. 2018) has suggested a model for family-
A GPCR activation, in which the conformational changes
induced by the G-protein and agonist binding are accompa-
nied by the intracellular transfer of an internally bound Na™*
ion. Explicit-solvent, all-atom molecular dynamics (MD)
simulations of the adenosine A,, GPCR in a lipid bilayer
were performed to study the effects of divalent cations on
functional states of the receptor (Ye et al. 2018). The MD
simulations suggested that high concentrations of cations
bridge specific extracellular acidic residues, bringing trans-
membrane helices HS and H6 together at the extracellular
end, and driving open the G-protein-binding site. Molecu-
lar dynamics simulations have also been applied to study
binding of the prototypical hallucinogen LSD to the human
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5-HT,p receptor (Wacker et al. 2017). The MD simulations
suggest that slow binding kinetics of LSD may be due to a
“lid” formed by extracellular loop EL2 at the entrance to the
binding pocket.

The question of how GPCRs catalyze nucleotide release
from heterotrimeric G-proteins has been also addressed by
atomic-level simulations (Dror et al. 2015). The simulations
indicated that the G-protein, even when it is not bound to
the receptor, frequently adopts conformations that expose
the guanosine diphosphate (GDP) nucleotide. Binding to
the GPCR results in additional structural rearrangement
that favors GDP release. In another work, the mechanism
of receptor-mediated arrestin activation has been stud-
ied through extensive atomic-level simulations of arrestin
(Latorraca et al. 2018). It was found that arrestin can be
activated by binding to the GPCR core, the GPCR phos-
phorylated tail, or both. Molecular dynamics simulations
were performed in conjunction with double electron—elec-
tron resonance (DEER) spectroscopy of activated rhodop-
sin in complex with the Gi protein to verify stability of the
refined model (Huber and Sakmar 2008). The study revealed
that Gi- and Gs-coupled GPCRs show different modes of
G-protein binding. The Ras-like domain sits more upright
on the receptor in the rhodopsin—Gi complex, and unlike the
B,AR-Gs structure, the C3 loop of rhodopsin makes contact
with the p6-sheet of the Gi protein. Finally, a number of
works have investigated the functional effect of dimerization
(or oligomerization) of GPCRs, and have been thoroughly
discussed along with experimental approaches in a recent
review by Sakmar et al. (2017).

Advanced Methods for Rhodopsin Molecular
Simulations

Gibbs Free Energy Calculations

At constant pressure and temperature, any isolated macrosys-
tem tends to minimize its Gibbs free energy. For this reason,
the Gibbs free energy surface, i.e., the Gibbs free energy as
a function of coordinates, is one of the most fundamental
properties in physics, chemistry, and biology (Jensen et al.
2014). For practical applications, usually only the difference
in free energy between two states of a molecular system is
calculated. For example, the Gibbs free energy difference
between two rhodopsin conformations gives information
about the relative concentrations of these two forms in equi-
librium. The calculation of the Gibbs free energy difference
between two states A and B is based on the general equation:
AG =Gy — Gy =—kBT1n%, 3)
Oa
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where kg is the Boltzmann constant, 7 is the temperature of
the system, and Q; is the partition function for the system in
the ith state. The partition function is described in terms of
the Hamiltonian of the system:

= 13N
7

i

1 _ Hj(rp+PV
0, /e w7 drdp. @)

Here V; is the phase space of state i, N is the number of
atoms in the system, # is Planck’s constant, H; is the Ham-
iltonian of system, r represents the Cartesian coordinates of
all atoms in the molecular system, p represents the conjugate
momenta of all atoms, and P and V are the pressure and the
volume of the system, respectively (Hansen and Van Gun-
steren 2014). It has been shown that the term related with
PV is negligible, and it is not taken into account in actual
calculations (Shirts and Mobley 2013). Below, we summa-
rize the commonly applied computational approaches for the
calculation of AG, which is the Gibbs free energy difference.

Free Energy Perturbation

The method of free energy perturbation is based on the
Zwanzig relationship (Zwanzig 1954) that describes the AG
between two nearby states of a molecular system, i.e., states
with intersecting phase spaces:

_ AU
AG = —kyTn <e > )

In the above formula, AU is the potential energy difference
between the system in two close-lying states. Still, in most
cases, the phase spaces of target states A and B do not inter-
sect. The transformation from state A to state B can then be
represented by a series of intermediate states, so that any
neighboring pair of states along the path would have inter-
secting phase spaces. In this case, if the series of N states is
introduced, then AG can be calculated as

N-1
AG= ) AG,,, (6)

i=1

where i =1 corresponds to state A, and i =N corresponds
to state B. Because G is a state function of a system, any
convenient path between A and B states can be constructed,
and the intermediate states do not need to be physically real-
istic. The complete path can consist of several equilibrium
end states connected by sub-paths of intermediate states,
presented as a thermodynamic cycle.

As an example, consider the path for the retinal isomeri-
zation reaction in bovine visual rhodopsin (Fig. 6). Here,
state A corresponds to dark-state rhodopsin that contains
retinal in the 11-cis conformation, and state B corresponds
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Fig.6 Example of thermodynamic cycle constructed for the calcula-
tion of difference in Gibbs free energy between bovine visual rhodop-
sin that contains 11-cis retinal and bathorhodopsin that contains all-
trans retinal using the free-energy perturbation approach

to bathorhodopsin that contains all-trans retinal. The path
consists of three transitions: transferring the 11-cis retinal
from the gas phase to rhodopsin; the gas-phase transition
between the 11-cis and all-frans retinal conformations,
and transferring the all-trans retinal from the gas phase to
bathorhodopsin. At each point, i.e., for each end state and
for each intermediate state, equilibrium simulations are per-
formed, and uncorrelated states (decoys) are extracted from
the simulations. These decoys represent the ensemble of
conformations for the specific state. Using the values of the
potential energy for each conformation in the ith and (i + 1)
th intermediate state, the AG; ,, ; difference can be calculated
by applying Eq. (3).

For rhodopsins, free energy perturbation (FEP) has been
applied for calculating the thermodynamic stability of water
molecules located near the retinal protonated Schiff base in
bacteriorhodopsin (Baudry et al. 2001; Roux et al. 1996).
To accomplish this task, the free energy of transferring
water molecules from the bulk phase to predefined sites
inside protein cavities was calculated. In other studies,
free energy perturbation was applied to calculate the bind-
ing affinities of different ligands to GPCRs, which is an
essential step in rational drug design (Hénin et al. 2006;
Lenselink et al. 2016).

Thermodynamic Integration

The process of thermodynamic integration is closely related
to the free energy perturbation approach. Here, the deriva-
tive dU/d4 is calculated along the path between states A and
B, where A describes the distance variable (Shirts and Mob-
ley 2013). The equation for calculating AG thus reads:

1

_ dU(r, A)

AG = / <—d/1 >ldﬂ, %)
0

where 4 =0 corresponds to the A state and A=1 corresponds
to state B, and the angular brackets denote that the derivative
is averaged over the ensemble. For rhodopsin, thermody-
namic integration has been applied to compare the depro-
tonation free energy profiles of the retinal chromophore in
the dark (11-cis) state of the bovine visual pigment and in
its intermediate lumirhodopsin state. The study revealed the
influence of the retinal orientation, hydrogen bonding net-
work, and positioning of the protonated Schiff base coun-
terion on the deprotonation efficiency (Van Keulen et al.
2017).

Biased Molecular Dynamics Approaches

All the biased MD approaches are based on sampling of
the actual trajectory between the equilibrium states A and
B, and require knowledge of the reaction coordinate for
the calculations. The reaction coordinate can be repre-
sented as a set of collective variables (CVs), which are the
functions #(r) of the Cartesian coordinates of the atoms
constituting the molecular system. The motion of the CVs
corresponds to the slow modes of the system dynamics
that constitute the reaction process (Moradi et al. 2013).
Examples of CVs are the isomerization angle, in the case
of the C12-C13 =C14-C15 dihedral angle for the 13-cis
to all-trans retinal isomerization of microbial rhodopsins,
or the distance between the ligand and its interaction site
for the binding reaction.

Umbrella Sampling

The umbrella sampling (US) approach is based on calcula-
tion of the Landau free energy G(y) along the reaction path:

G(x) = —kgTP(y), ®)
where y is the reaction coordinate, and P(y) is the prob-
ability density function along the reaction coordinate.
Thus, efficient sampling of all states along the A— B path
is required. In the umbrella sampling approach, this require-
ment is achieved by introducing a bias potential (Késtner
2011). At each intermediate point (4;) along the path that
crosses the free energy barrier, the system is sampled under
the guidance of standard force field, with an extra term that
constraints the system in the 4; vicinity. Usually, this extra
term is represented by a harmonic function:

Uextra = A()( - )(i)zv (9)
in which A is the constraint constant and y; is the value of
the reaction coordinate at the 4, state. Afterward, a weighted
histogram analysis (Kumar et al. 1992) is applied to derive
the unbiased free energy along the path and, finally, the free
energy difference between the A and B states. There are
two key differences between umbrella sampling and the
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free energy perturbation methodology. First, while during
the FEP calculations an arbitrary path can be constructed
between the A and B states, in the US approach the actual
reaction coordinate should be used. Second, while during
FEP calculations the system is fixed at the 4; points, in the
US approach, the system is only constrained to move around
A; in a specific range.

For microbial rhodopsins, the umbrella sampling
approach has been applied to investigate the retinal isomeri-
zation around the C13=C14 and C15=N bonds in bacteri-
orhodopsin. The difference in stability of the equilibrium
(13,15)-cis, 13-cis-15-trans, 13-trans-15-cis, and all-trans
conformations was thoroughly investigated, and allowed der-
ivation of the entropy factor that stabilizes specific rhodop-
sin conformations (Baudry et al. 1997; Crouzy et al. 1999).
In other studies, umbrella sampling was applied by Periole
et al. (2012) to investigate the dimerization of visual rhodop-
sin, and to define the preferential dimerization interfaces.

Metadynamics

For the calculation of AG values, metadynamics is rep-
resentative of the adaptively biased molecular dynamics
approaches that can be applied (Laio and Gervasio 2008;
Moradi et al. 2013; Vymétal and VondraSek 2010). Notably,
in metadynamics sampling begins in one of the equilibrium
states of the system (e.g., in the A state). During the simu-
lation, an additional time-dependent biasing potential is
added to the equations of motion. This biasing potential adds
potential energy to the collective variables, so that the move-
ment of the system along the reaction coordinate becomes
more pronounced. Usually, symmetric biasing potentials,
e.g., those based on B-splines (Laio and Parrinello 2002;
Moradi et al. 2013), are applied. During the simulation, the
free energy barrier between A and B states becomes flat, and
the system starts moving freely along the reaction path. In
the long-time limit, the free energy along the reaction path
can be derived as:

G(0) = =Vpias(2) + C, (10)
where C'is a constant and V,;, (y) is the added bias potential.
Although adding biased potentials of fixed height can lead
to overfilling of the free energy surface along the reaction
path, well-tempered metadynamics that introduces biased
potentials which steadily diminish with time can be applied
to overcome this problem (Barducci et al. 2008). Modern
developments of metadynamics algorithms are connected to
the application of replica-exchange during the simulations.
In multiple-walkers metadynamics, several simulations are
run in parallel, each with its specific biasing potential and
temperature of simulation (Raiteri et al. 2006). The rules for
the exchange of states between trajectories are usually based
on the Metropolis criterion (Metropolis and Ulam 1949).
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In this way, metadynamics has been applied to investigate
the free energy differences between metastable states that
emerge during the photosequence of bovine rhodopsin (Pro-
vasi et al. 2009). Also, the free energy landscape between
the photoactivated deprotonated bovine rhodopsin and the
low-pH ground state of 11-cis-retinylidene rhodopsin in the
presence of the lipid membrane environment has been inves-
tigated (Provasi and Filizola 2010). Two additional studies
aimed at the investigation of the channelrhodopsin-2 proton
pump have applied metadynamics for deriving important
information about the protein functioning. In the first work,
metadynamics allowed the performance of extensive sam-
pling of retinal isomerization in channelrhodopsin-2. The
free energy profile of the isomerization process was derived,
and the water penetration through the protein pore was sam-
pled during the protein isomerization (Ardevol and Hummer
2018). In the second work, well-tempered metadynamics
was applied to investigate the reorientation of the Glu123
counterion of the retinylidene protonated Schiff base in
channelrhodopsin-2. Here, the dependence of the free energy
value on the Glul23 orientation angle was calculated for
the wild-type protein and its C128T mutant which demon-
strates substantially different photocycle kinetics (Guo et al.
2016). In other studies metadynamics was applied to inves-
tigate the activation processes, and the possible metastable
states of other classes of GPCRs (Gushchin et al. 2013;
Meral et al. 2018), or to evaluate the binding affinities of
ligands to GPCRs (Saleh et al. 2017). Metadynamics has
also been combined with the umbrella sampling approach
to investigate the relative stability of dimer interfaces in
human f-adrenergic receptors, which required the introduc-
tion of several angle-related and distance-related collective
variables (Johnston et al. 2012). During the metadynamics
simulation, the bias potential was added only to the distance-
related collective variable, generating the starting states for
umbrella sampling simulations of the angle-related collec-
tive variables.

Steered Molecular Dynamics

Another approach for practical calculation of the free energy
difference between the states is based on the Jarzynski equa-
tion. As shown by Jarzynski (1997) the AG between states
A and B can be evaluated as:

w
AG ~ —kBTln<e_kB_T>, (11

where W is the work that is required to pull the system from
state A to state B. To apply the Jarzynski equation, sampling
of the steered molecular dynamics (SMD) simulation is
required. In SMD, an artificial force is applied that pulls the
system from state A (e.g., unbound protein—ligand system)
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to state B (bound protein—ligand system), and several A— B
and B — A simulations are sampled.

The SMD-based approach for free energy calculation was
applied to study the energy profile of sodium ion translo-
cation through the pore of the sodium-pumping microbial
rhodopsin KR2 (Suomivuori et al. 2017). For microbial
rhodopsins, SMD per se was applied to investigate the tor-
sion of specific alpha helices during the primary events after
photoactivation (Saam et al. 2002), the process of retinal
binding in bacteriorhodopsin (Isralewitz et al. 1997), and
the process of sodium ion conduction through channelrho-
dopsin-2 (Richards and Dempski 2017). In addition, this
approach has been applied to evaluate the binding affinities
of different ligands to GPCRs, e.g., the f-adrenergic recep-
tors (Gonzalez et al. 2011).

Coarse-Grained Molecular Dynamics Simulations

Coarse-grained (CG) simulations are applied when the long
time-scale dynamics of the system are required for the inves-
tigation of the target process (e.g., conformational changes
of a membrane-protein complex), while the atomistic preci-
sion is either less essential (Noid 2013), or incorporated by
a multiscale modeling approach as pioneered by Voth et al.
(Ayton et al. 2007; Izvekov and Voth 2005; Saunders and
Voth 2013). However, if the process under study is more
complex and requires higher precision, then a hybrid MM/
CG approach (that is described in the "Hybrid Molecular
Mechanics/Coarse-Grained Simulations" section) is applied
(Leguebe et al. 2012). To reduce the computational cost of
simulations, i.e., to reduce the dimensionality of the sim-
ulated molecular system, in the CG approach the groups
of atoms are combined into interaction sites with specific
physical and chemical properties. The strong requirement
is that each atom can be a part of only one interaction site
(Noid 2013). Usually, each interaction site consists of 2—10
“heavy” atoms with associated hydrogen atoms. Besides
the reduction of dimensionality, the CG simulations do not
include fast movements (such as vibrations of C—H bonds),
and for this reason they allow an increase in the time step
of the MD simulations (Marrink et al. 2004; Noid 2013).
Moreover, the averaging in the CG simulations leads to the
implicit inclusion of entropic effects, thereby increasing
the speed of the conformational space investigation. Sev-
eral force fields have been developed for CG simulations,
among which the MARTINI force field of Marrink et al.
(2007) is the most commonly applied. The MARTINI force
field maps four “heavy” atoms to one interaction site, with
the exception of ring moieties, for which two “heavy” atoms
correspond to one interaction site. The functional form of
the MARTINI force field is the same as the form of stand-
ard atomistic force fields, such as AMBER or CHARMM
(Klauda et al. 2010; Lindorff-Larsen et al. 2010). The CG

force field must obey specific consistency conditions, i.e.,
the structural and thermodynamic properties of the system
during the MD simulation under the guidance of the atom-
istic and CG force fields should be similar. For example,
the parameterization of nonbonded interactions during the
development of the MARTINI force field involved com-
paring the calculated thermodynamic properties, such as
hydration and vaporization free energies (Monticelli et al.
2008), with the experimental values. For parameterization of
bonded interactions, the reproducibility of structural features
was evaluated.

The CG approach has been applied in a large number of
studies of visual and microbial rhodopsins. For example,
it was used to study the adaptation of the lipid membrane
structure in the vicinity of visual rhodopsin (Periole et al.
2007), which required running 8-xs MD simulations for the
proteolipid membrane system. In other studies, the CG MD
simulations were applied to define the cholesterol binding
sites at the rhodopsin surface, to derive energy profiles for
lipid—rhodopsin interactions (Horn et al. 2014; Periole 2016;
Scott et al. 2008), and to investigate the assembly of lipid
nanodisks around microbial rhodopsins (Sahoo et al. 2019).
Furthermore, CG MD simulations have been used to inves-
tigate long-lasting processes in rhodopsins, e.g., modeling
of the complete bacteriorhodopsin photocycle (Tavanti and
Tozzini 2014), the unfolding of bacteriorhodopsin in the
membrane (Yamada et al. 2016), and the adaptation of visual
rhodopsin to a lipidic cubic phase environment (Khelashvili
et al. 2012). An approach involving CG MD simulations in
combination with normal mode analysis was also used to
study the allosteric regulation, i.e., the structural determi-
nants that regulate ligand binding in visual rhodopsin and
other GPCRs (Balabin et al. 2009).

Quantum Mechanics/Molecular Mechanics
Models

In a QM/MM model, the system is divided into two subsys-
tems: the molecular mechanics (MM) and quantum mechan-
ics (QM) parts. There are two approaches to deal with the
model: a subtractive scheme and an additive scheme. In
the subtractive scheme (Svensson et al. 1996; Vreven and
Morokuma 2006), the QM/MM energy of the system is
given by:
Vommm = Vi (QM + MM) + Vo, (QM) — Vi (QM).
(12)
Here, Vy(QM +MM) is the energy of the whole system
calculated at the MM level, V5 (QM) is the energy of the
QM subsystem calculated at the QM level, and finally,

Vum(QM) is the energy of the QM subsystem calculated
at the MM level.
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In additive schemes (Field et al. 1990), the QM part is
embedded within the MM system, and the total potential
energy is represented as a sum of the QM energy term, the
MM energy term, and the QM/MM coupling term:

Vommm = Vom(QM) + Vi (MM) + Vo nviu- (13)
The molecular mechanics force fields are described above.
To treat the QM part, which is usually a Schiff base in rho-
dopsins, both ab initio and density functional theory (DFT)
methodologies are applied. The choice of the QM method-
ology is dictated by the problem. For example, to treat the
spectral properties, multiconfigurational and multireference
methods, such as CASPT?2 (Finley et al. 1998), MRCI (Lis-
chka et al. 2002), SORCI (Nikolaev et al. 2017; Ryazantsev
et al. 2012), or analogs are applied. For description of the
ground state, usually a DFT (Elstner et al. 2003) or SCC-
DFTB (Elstner 2006; Gaus et al. 2011) calculation, which
is a semiempirical variation of DFT, is a method of choice.

Treatment of Electronic Structure of Retinal
Chromophore

The ability of QM/MM methodologies to treat the electronic
structure of the retinal chromophore placed in the protein
environment makes this approach a method of choice for
studying the optical and photochemical properties of rho-
dopsins. In a number of studies, the effect of the protein
environment, including both steric and electrostatic interac-
tions, on the retinal structure and optical properties, has been
investigated (Altun et al. 2008b; Andrunidw et al. 2004;
Bravaya et al. 2007; Coto et al. 2006a; 2008; Gozem et al.
2017; Hoffmann et al. 2006). For microbial rhodopsins, the
electrostatic interactions of the retinal chromophore with
polar and charged residues of the protein play a major role
in spectral color tuning, while steric interactions usually
provide a negligible effect (Hoffmann et al. 2006; Ryazant-
sev et al. 2012). For visual rhodopsins, the effect caused by
the retinal deformation is more pronounced, but the elec-
trostatic interaction still plays the major role (Altun et al.
2008b). Among all the charged residues, the negatively
charged counterion residue, which is located in the retinal-
binding pocket of the rhodopsin proteins in the vicinity of
the N-H* moiety, is the most important, causing a large blue
shift of the absorption maxima from its gas phase value,
610 nm and 615 nm for 11-cis and all-trans protonated Schiff
bases, respectively (Nielsen et al. 2006). The rest of the pro-
tein either enhances this blue shift, or provides the redshift
that partially compensates the effect of the counterion (Altun
et al. 2008a; Hoffmann et al. 2006; Nikolaev et al. 2019a;
Rajamani and Gao 2002; Ryazantsev et al. 2012).

The important role of charged and polar residues in
color tuning was demonstrated in bovine rhodopsin (Altun
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et al. 2008a; b; Bravaya et al. 2007; Coto et al. 2006b),
halorhodopsins (Ryazantsev et al. 2012), bacteriorho-
dopsin (Rajamani and Gao 2002), visual cone pigments
(Frahmcke et al. 2012; Fujimoto et al. 2006; Zhou et al.
2014), mutants of Anabaena sensory rhodopsin (Melaccio
et al. 2012), intermediates of the rhodopsin photocycle
(Campomanes et al. 2014), the deprotonated M state of
bacteriorhodopsin (Fujimoto et al. 2010), and blue-light
absorbing proteorhodopsin (Hillebrecht et al. 2006). For
example, Fujimoto et al. (2005) and Hoffman et al. (2006)
considered the spectral shift between bacteriorhodopsin
and sensory rhodopsin-II. It was demonstrated that the
major part of the spectral shift was provided by the differ-
ences in the positions of the negatively charged counte-
rions and in the orientations of polar residues (Hoffmann
et al. 2006). The importance of protein reorganization in
the color-tuning mechanism was also demonstrated for the
chloride-bound and anion-free halorhodopsins (Ryazant-
sev et al. 2012). Here, the authors demonstrated that the
22-nm blue shift that is observed upon chloride binding
in the N. pharaonis halorhodopsin consists of two terms:
a 95-nm blue shift induced by a negatively charged chlo-
ride ion and a 73-nm red shift caused by the protein reor-
ganization. In a number of studies, absorption maxima
calculations along with energy calculations were applied
to define the protonation state of the Glul81 residue in
bovine rhodopsin (Frihmcke et al. 2010; Hall et al. 2008).
Unfortunately, the results could not be interpreted unam-
biguously, partially because of the relatively large distance
between the Glul81 residue and the retinal chromophore
in bovine rhodopsin.

Photoisomerization of the Retinal Cofactor

In other QM/MM studies, the photochemical step of the
rhodopsin photocycle, i.e., the isomerization of the retinal
chromophore in the protein environment, has been inves-
tigated (Curchod and Martinez 2018; Gozem et al. 2017).
Upon absorption of a photon, the retinal chromophore is
excited from the ground state (SO) to the first excited sin-
glet state (S1). Thereafter, the S1 state evolves from the
Frank—Condon (FC) region of the S1 potential energy sur-
face (PES) toward the conical intersection (CI)—the region
where the PES of the S1 and SO states intersect. From the
CI point, the system can evolve either into the product state
(the isomerized state), or back to the reactant state. One
of the unique features of the rhodopsin proteins is that the
photoactivated isomerization is performed with a high quan-
tum yield and at the ultrafast time scale, especially when
compared to the retinal isomerization in methanol solu-
tion (Andruniéw et al. 2004; Frutos et al. 2007; Khrenova
et al. 2010; Kukura et al. 2005; Schapiro et al. 2008, 2011;
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Schnedermann et al. 2018; Schoenlein et al. 1991; Wang
et al. 1994). It has been postulated that the electrostatic field
produced by the rhodopsin environment catalyzes the reti-
nal isomerization process (Andruniéw et al. 2004; Schapiro
et al. 2011; Tomasello et al. 2009). To obtain the atomis-
tic details of the retinal isomerization, the evolution of the
excited state on the S1 PES has to be simulated from the
FC region to the CI point. Here, two approaches have been
applied: static calculation of the S1 PES topology, and direct
on-the-fly dynamics starting from Franck—Condon points
going to the products.

(i) Investigation of the important topological features
of the potential energy surface includes minima, transition
states, conical intersections, and minimal energy paths. In
several works, the minimal energy path (MEP) on the S1
potential has been calculated (Coto et al. 2006a, 2008; El-
Khoury et al. 2009; Gonzalez-Luque et al. 2000; Sumita
et al. 2009). Generally, the MEP provides the insight into the
topology of the S1 PES, and allows for defining intermediate
states of the retinal isomerization. Other studies have con-
centrated directly on the geometry and energetics of the reti-
nal chromophore in the critical CI point (Coto et al. 2006a).
It has been shown that the isomerization angle (C11=C12
torsional angle for visual rhodopsin and C13=C14 torsional
angle for microbial rhodopsins) is twisted by 90° at the CI
point.

(ii) Evolution of the excited state from the FC region
toward the CI point is provided by QM/MM MD simula-
tions (Andruniéw et al. 2004; Frutos et al. 2007; Khrenova
et al. 2010; Schapiro et al. 2008, 2011). Using this method,
researchers have distinguished the three major motions
(modes) that are involved in the retinal isomerization: tor-
sional deformation of the reactive bond, bond length altera-
tion (BLA), and the hydrogen-out-of-plane (HOOP) mode.
The BLA mode represents the stretching vibration of the
bonds along the main chain of the retinal, and leads to the
inversion of single and double bonds. The HOOP mode rep-
resents the wagging motion of the hydrogens bound to the
carbon atoms that constitute the reactive double bond. Nota-
bly, the HOOP motion greatly accelerates the isomerization
process. The majority of studies have concentrated on the
retinal isomerization in bovine visual rhodopsin; however,
similar QM/MM MD trajectories were also calculated for
isorhodopsin (bovine rhodopsin containing 9-cis retinal)
(Chung et al. 2012; Strambi et al. 2008), nonvisual human
melanopsin (Rinaldi et al. 2014), and bacteriorhodopsin (Li
et al. 2011; Warshel and Chu 2001). For example, Chung
et al. (2012) showed that while in bovine rhodopsin retinal
undergoes a straightforward isomerization directly into the
all-trans state (bathorhodopsin), isorhodopsin demonstrates
a more complex isomerization path that branches in two pos-
sible directions.

Polarizability and Charge-Transfer Effects

Finally, a number of studies concentrated on the extension
of QM/MM methodology to take into account polarizabil-
ity and charge transfer effects in the retinal binding pocket
(Caprasecca et al. 2014; Soderhjelm et al. 2009; Wanko et al.
2008a, b). Here, two approaches were applied. In the first
approach, a part of the retinal binding pocket was included
in the QM part at a lower level of theory (QM/QM/MM
approach). Using this methodology, Wanko et al. (2008b)
demonstrated that polarizability and charge transfer effects
lead to a 0.08-0.09 eV bathochromic shift of the absorption
maxima. In the second approach, the effect of polarization
was taken into account by applying a polarizable MM force
field for the opsin environment (Caprasecca et al. 2014),
while QM calculations were performed only for the retinal
chromophore.

QM/MM Free Energy Optimization of Retinal
Chromophore in the Protein Environment

Because molecular systems tend to a minimum of the Gibbs
free energy, the minimization of this function rather than
the potential energy is preferred during geometry optimiza-
tion. Such optimization is based on the calculation of free
energy gradients (FEG) as proposed by Okuyama-Yoshida
et al. (2000), and is applied to optimize the target molecule
at the QM level, in the environment described at the MM
level. During minimization, the force acting on the atoms
of QM subsystem can be calculated through the following
relationship:

_o6w) | _aw)

F(r) =
(r) or or

(14
where r represents the Cartesian coordinates of the opti-
mized QM subsystem, G is the Gibbs free energy of the
system and (U) is the average potential energy of the QM
subsystem that includes its interaction with the environment.
To calculate the average potential energy, two approaches
have been proposed. In the first approach, called ASEP
(average solvent electrostatic potential), the average inter-
action between the QM subsystem and the MM environment
is calculated (Galvan et al. 2003). In the second approach,
referred to as ASEC (average solvent electrostatic configura-
tion), the QM subsystem is optimized in the modified envi-
ronment presented as an ensemble of noncorrelated environ-
ment configurations (Coutinho et al. 2007). Recently, this
approach was applied to optimize the retinal chromophore
in the thodopsin environment (Orozco-Gonzalez et al. 2017).
To generate the ensemble of configurations, a preliminary
MD trajectory was simulated, and N uncorrelated configura-
tions (decoys) were extracted from the trajectory. Thereafter,
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all the N decoys were superimposed to construct the average
environment (consisting of NM virtual atoms, where M is
the number of atoms in the MM subsystem). To conserve
the interaction forces, the nonbonded interactions between
the QM subsystem and the MM environment were properly
scaled. Each virtual atom of the new MM environment had
a charge that was N times smaller than the charge of the
corresponding atom in the actual protein. The terms that
describe the van der Waals interactions were also decreased
N times. After the generation of the average environment,
the QM/MM optimization of the retinal chromophore was
performed.

Hybrid Molecular Mechanics/Coarse-Grained
Simulations

The investigation of certain processes may require long
simulation times of large molecular systems (e.g., mem-
brane-embedded rhodopsin) on one hand, and the atomis-
tic description of the target process on the other hand. To
overcome this problem, the hybrid MM/CG approach can
be applied (Leguebe et al. 2012). Here, the system is repre-
sented at an atomistic level, i.e., its dynamics are calculated
by utilizing an atomistic MM force field, and the rest of the
system is modeled at the CG level, under the guidance of the
CG force field. To our knowledge, the MM/CG approach has
not yet been applied to investigate rhodopsins; however, it
has been implemented for other GPCRs. Examples include
ligand binding to the TAS2R38 bitter taste receptor (Mar-
chiori et al. 2013) and the f-adrenergic receptors (Leguebe
et al. 2012). In both cases, the ligand and its binding site
were sampled at the atomistic MM level, while the rest of
GPCR and the membrane environment were sampled at the
CG level.

Conclusions

In this article, we reviewed the modern computational
methodologies used for modeling rhodopsin dynamics and
the properties at different time scales and levels of preci-
sion. Due to the further development of both computational
methodologies and the performance of computer systems,
the role of computational modeling in understanding and
predicting rhodopsin properties will be steadily increasing.
First, the accuracy of applied computational models can
be improved. Second, as described above, computational
studies of rhodopsins require extensive MM and QM/MM
sampling, which is becoming possible due to increasing
availability of the high-performance calculations, includ-
ing massively parallel calculations on graphics proces-
sors units. When prediction of rhodopsin structure is con-
cerned, the explicit inclusion of the retinal chromophore
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and the implicit inclusion of the membrane environment can
increase the quality of predicted models. Other improve-
ments of the model construction are related with the
increasing accuracy of water prediction, and with apply-
ing pK, calculations “on the fly” during the MD sampling.
Precise prediction of water locations in critical cases can
be related with the application of MM-based free energy
estimation approaches, such as free energy perturbation.
For the pK, calculations, application of constant-pH MD
approaches during sampling should be considered. Finally,
development of improved force fields for the retinal
chromophore is directly related with the increase of accu-
racy in MM calculations. These new force fields should
take polarization and charge-transfer effects into account,
better treat the van der Waals interactions, and also should
be easily integrated in the standard MM force fields for pro-
teins, such as AMBER or CHARMM. Future development
of such force fields should apply modern machine learning
techniques that utilize data from QM/MM MD simulations
to derive more accurate parameters.
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