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Abstract

Identifying the functional motions of membrane proteins is difficult because they range from
large-scale collective dynamics to local small atomic fluctuations at different timescales that are
difficult to measure experimentally due to the hydrophobic nature of these proteins. Elastic
Network Models, and in particular their most widely used implementation, the Anisotropic
Network Model (ANM), have proven to be useful computational methods in many recent
applications to predict membrane protein dynamics. These models are based on the premise that
biomolecules possess intrinsic mechanical characteristics uniquely defined by their particular
architectures. In the ANM, interactions between residues in close proximity are represented by
harmonic potentials with a uniform spring constant. The slow mode shapes generated by the ANM
provide valuable information on the global dynamics of biomolecules that are relevant to their
function. In its recent extension in the form of ANM-guided molecular dynamics (MD), this
coarse-grained approach is augmented with atomic detail. The results from ANM and its
extensions can be used to guide experiments and thus speedup the process of quantifying motions
in membrane proteins. Testing the predictions can be accomplished through (a) direct observation
of motions through studies of structure and biophysical probes, (b) perturbation of the motions by,
e.g., cross-linking or site-directed mutagenesis, and (c) by studying the effects of such
perturbations on protein function, typically through ligand binding and activity assays. To
illustrate the applicability of the combined computational ANM—experimental testing framework
to membrane proteins, we describe—alongside the general protocols—here the application of
ANM to rhodopsin, a prototypical member of the pharmacologically relevant G-protein coupled
receptor family.
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1. Introduction

1.1. The Functional Roles of Motions in Membrane Proteins

While the structure of a protein provides some insights into its function, it only yields static
information. Detailed information on the dynamics of a protein is necessary for a complete
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understanding of its function. However, it is not a trivial problem to resolve the functionally
relevant motions of biomolecular systems. The timescales involved in different events range
from femtoseconds to seconds or even longer, and usually more than a single experimental
technique or computational model and method is required to span such a wide range. The
spatiotemporal resolutions of the computational models or experimental techniques need to
be optimally selected to explore the particular time and length scales of the systems and
process of interest.

Computational approaches can visualize molecular events at timescales and resolutions that
may not be readily examined by experimental techniques, thus complementing the
information acquired from experiments and providing deeper insights into biomolecular
mechanisms of function. Not surprisingly, computational biology tools and biophysical
theories have been advantageously employed in the last two decades for investigating the
dynamics of biomolecular systems. Among them, molecular dynamics (MD) simulations,
and normal mode analysis (NMA) found broad utility in biomolecular applications (1-4),
and especially in investigating the dynamics of membrane proteins in recent years (5-8).
Membrane proteins are particularly important as they serve as targets for the majority of
drugs, and their molecular motions remain largely unknown due to scarcity of structural
data. It is now widely recognized that the motions of membrane proteins underlie key
functional events, such as receptor-ligand binding and signaling, ion channeling and gating,
folding and translocation, and the allosteric control of them. An assessment of the type and
size of these mations is critically important for designing modulators, agonists, or
antagonists of membrane proteins’ functions.

1.2. Overview of Structural Data for Membrane Proteins

Obtaining structural data for membrane proteins experimentally is challenging for a number
of reasons. First, structural techniques such as X-ray crystallography and NMR spectroscopy
require large quantities of proteins purified to homogeneity. For membrane proteins, both
the production and purification steps are very difficult. Membrane proteins usually have
very low expression levels and are thermally unstable when removed from their native
membrane environment and tend to aggregate. Secondly, the need for mimicking
membranes requires addition of lipids or detergents that interfere with structural techniques,
for example by creating large background signals in NMR and increasing the effective
molecular weight of the membrane protein—detergent mixed micellar complex. Thus,
determining membrane protein structures has been a challenge, a fact which is reflected by
the limited number of available membrane protein structures resolved and deposited to date
in the Protein Data Bank (PDB) (9). As of the end of November 2010 there have been only
1,331 membrane protein structures deposited in the PDB, which corresponds to only 2% of
all structures in the PDB (Fig. 1a). Moreover, only 262 out of these 1,331 are unique
membrane protein structures, as defined by a sequence cutoff of 95%. Thus, only a small
number of unique membrane proteins are available as examples for different functional and
structural categories that membrane proteins engage in (Fig. 1b).
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1.3. Need for Complementary Predictive Computational Approaches to Study the
Dynamics of Membrane Proteins

The general challenges faced in obtaining structures of membrane proteins experimentally
described above, also impact the ability to determine membrane protein motions. Even for
those proteins for which a structure exists, it is most often only in one functional state. Thus,
there is a great need and opportunity to utilize the protein structures that are available to
predict functional motions by computational techniques. These predicted dynamics can then
be tested experimentally by targeting specific regions in the protein or types of motions
through biophysical approaches. A large battery of techniques is available in which
attachment points such as cysteine replacements are introduced at specific sites that allow
application of specific techniques, where the choice of technique depends on the timescale
and scale of motions to be tested. This approach allows obtaining site-specific information
and is ideally suited to target specific predictions made by computational models. In this
chapter, we will review this combined experimental-computational approach.

1.4. State of the Art in Computational Modeling of Protein Dynamics: Application to
Membrane Proteins

1.4.1. Molecular Dynamics as the Gold Standard for Simulating Motions at
Atomic Resolution, but Limited to Short Times and Small Systems—The most
widely used atomic-level approach in modeling protein dynamics is molecular dynamics
(MD) simulations. The interactions of atoms are described therein by complex potential
energy functions and parameters, which define the instantaneous forces exerted on each
atom. Knowledge of these forces permits us to calculate the dynamic behavior of the system
(composed of the protein with its substrates/ligands, and the environment—mainly water,
lipid molecules and ions) using the classical Newton’s equations of motion (1). MD
simulations thus provide atomic-level detail with high temporal resolution, which is usually
viewed as the gold standard.

On the other hand, it is also widely known that MD simulations have limitations. First, the
trajectories are accurate to the extent that force fields themselves are. Second, the size of the
time steps of these simulations, usually 1-2 fs, implies that millions of steps are required to
reach the nanosecond timescale; and nanoseconds can provide a good description of local
events at best.

The rapid growth in computer power and new developments in parallelizable MD codes
designed for high-performance simulations now enable us to simulate large biomolecular
systems at hundreds of microseconds or even milliseconds scales (5, 10, 11). These long
simulations confirm that the “global” motions of proteins (e.g., interconversions between
substates) are several orders of magnitude slower than local motions. For example, the
global backbone rearrangements of BPTI, a small protein of 58 residues, occur on a
timescale of 10 ps, whereas side-chain motions are faster than 10 ns (11). Clearly, MD
simulations on the millisecond timescale can investigate such global motions, including
folding and unfolding events for small proteins only. Application to larger proteins, and to
membrane proteins in particular, incurs serious convergence problems (6, 12).
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1.4.2. Normal Mode Analysis with Elastic Network Models: A Useful Approach
for Identifying Global Motions, Albeit at Low Resolution—A method for exploring
global motions accessible under equilibrium conditions is NMA, a technique introduced
several decades ago by computational chemists for describing small molecules’ vibrational
dynamics (13). NMA is a harmonic approximation and assumes that the conformational
energy surface can be characterized by a single energy minimum. Classical, full-atomic
NMA requires reaching a minimum on the potential energy surface. Hence, a stringent
energy minimization of the potential energy function is required before performing NMA, or
before evaluating the Hessian matrix (the 3n x 3n matrix of the second derivatives of the
potential energy function with respect to the 3n degrees of freedom for a structure of n
atoms, for atomic NMA). The low-frequency modes obtained by NMA often correlate well
with experimentally observed changes between different functional states (e.g., open and
closed form of a ligand-free and -bound enzyme). However, energy minimization and
numerical evaluation of the Hessian matrix using a full-fledged force field makes full-
atomic NMA a computationally expensive method for large biomolecules (1, 14).

The investigation of cooperative motions in large systems requires the adoption of coarse-
grained models, and possibly analytical methods, which brings us to the focus of our review,
the use of elastic network models (ENMs). NMA has seen a revival in recent years, with the
realization that it can be advantageously used in conjunction with simplified models such as
ENMs for studying the global motions of proteins (15, 16). A breakthrough in the field was
the demonstration by Tirion that the global modes obtained by the detailed NMA could be
almost identically reproduced by using a single parameter harmonic potential for the force
field (17). This study led to the introduction of the Gaussian Network Model (GNM) (18,
19) as a simplified network representation of the protein structure, amenable to the
investigation of its dynamics.

In the GNM, the collective dynamics of the protein (of N residues) is fully defined by an N x
N Kirchhoff matrix that describes the spatial connectivity (or topology) of the structure at
the level of a-carbons. The physical basis and the analytical method for examining the
statistical mechanics of such a mass-spring network bear close similarities to the elasticity
theory of random polymer networks (20).

The same level of coarse-graining, i.e., residue-level description with the position of
network nodes identified by that of the a-carbons, has been adopted in the Anisotropic
Network Model (ANM) (21-25). The main advantage of performing NMA using the ANM,
shortly referred to here as ANM analysis, is the possibility of computing an analytical,
unique solution for the collective modes of motion accessible to the examined system. The
basic ingredient in the model is the topology of inter-residue contacts in the native structure
(as the GNM), which turns out to be a major determinant of equilibrium dynamics. Any
deformation from the native state coordinates is resisted by linear springs that associate
closely neighboring residues, bonded and nonbonded (Fig. 2). Despite its simplicity, the
ANM results proved to be in remarkable agreement with experiments. The global modes
obtained with the ANM analysis have been shown in numerous applications to be highly
robust (26) and consistent with experimental data in terms of the shapes and mechanisms of
motions. This includes, for example, the directions of domain movements and their
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correlations, the location of hinge-bending sites, the most likely collective rearrangements,
or allosteric switches triggered by ligand/substrate binding. The ANM server (27) is being
broadly used by the molecular structural and computational biology communities for rapid
assessment and visualization of the intrinsic dynamics of known protein structures.

However, ENMs, including the GNM and ANM, also have their own limitations. The
information provided lacks atomic precision and may in some instances yield unphysical
bond lengths or bond angles at the atomic scale (28). Moreover, no absolute timescale and
size of motions can be deduced, only the shape of motions. Also, neither the specificity of
amino acids nor the effects of a protein’s environment (e.g., lipid bilayer in membrane
proteins, or water molecules in general) is taken into consideration. In parallel with all
NMAs, the approach is in principle limited to movements within a single energy well, and
becomes most accurate in the immediate vicinity of the energy well. This means that
transitions that involve passage over energy barriers or jumps between minima cannot be
predicted. On the other hand, the coarse-graining of the structure and thereby smoothing out
of the energy landscape in the ANM presumably help merge substates separated by low
energy barriers, thus allowing for sampling of substates separated by low energy barriers.

The basic assumptions and theory underlying the ANM, and its use in predicting structure-
based motions as well as its limitations, will be described in detail in Subheading 3.1. From
the brief introduction above, it is clear that both extremes, MD simulations and ANM
analysis, have limitations, but they also provide complementary information. In particular,
they allow for exploring different timescales and events at different resolutions, the former
being powerful in examining events in the picoseconds to hundreds of nanoseconds regime,
and the latter successfully describing the global machinery of supramolecular systems.
Clearly, methods that encompass both regimes are highly desirable, and we will present in
Subheading 3.1.3. the development and use of such a method, ANM-steered MD recently
applied to rhodopsin (29). First, we provide a brief description of approaches undertaken for
extending the range of MD simulations.

1.4.3. Recent Progress in Atomic Simulations: Steered MD, Targeted MD and
ANM-Guided MD—Various methods have been developed to accelerate MD simulations
and increase their sampling efficiency. Steered MD (SMD) is one of them. The idea is to
observe large conformational changes by applying external forces to facilitate such
movements (30). A similar approach, Targeted MD (TMD), applies time-dependent, purely
geometrical constraints to induce conformational changes for attaining a known target
structure at physiological temperatures. Additionally, guiding MD simulations by collective
coordinates has proven to be useful for efficient sampling and expansion of the accessible
conformational space. Berendsen and coworkers developed a method in which essential
dynamics analysis (EDA) or principle component analysis (PCA) of an ensemble of
snapshots obtained from MD trajectories are used to generate collective modes (31). These
collective modes are used as constraints in MD simulations to sample the conformational
space efficiently (31-33). Collective coordinates have been combined with ensemble
sampling by Abheser and Nilges. Their method uses an additional biasing potential defined
along the collective modes used as restraints in a set of independent MD trajectories (34).
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Another technique, Amplified Collective Motion couples the low frequency motions
obtained from the ANM to a higher temperature by using a weak coupling method (35).

More recently, we introduced the ANM-guided MD methodology (29), a hybrid
methodology that will be explained in detail in Subheading 3.1.3. The method, originally
introduced for exploring the dynamics of rhodopsin (29) is, in principle, applicable to all
membrane proteins. ANM-guided (or ANM-restrained) MD is useful for modeling small
molecule binding to proteins and flexible docking of proteins in particular. It has also been
recently adopted for studying the dynamics of biological systems and protein-protein
interactions, in conjunction with MM-PBSA (Molecular Mechanic/Poisson-Boltzmann
Surface Area) calculations (36). It also proved useful in establishing the significance of the
conformational change induced by thrombosbondin-1 binding to the calreticulin structure,
essential to signaling focal adhesion disassembly (36). In the present review, we will provide
a detailed description of the methodology, and illustrate its utility in generating conformers
that may be advantageously exploited for flexible docking of inhibitors.

1.4.4. Structure-Based Coarse-Grained Computations for Membrane Proteins
—Structure-based coarse-grained models have been used for several decades in
computational biology with the understanding that these may help explore different time and
length scales of biological interest, albeit at low resolution. Pioneering studies in this field
are the work of Michael Levitt (37, 38) or the virtual bond model based on a-carbons widely
used by Flory and coworkers in delineating the statistical mechanics of biopolymers.
Coarse-grained models for membrane proteins, on the other hand, are relatively more recent,
presumably due to lack of structural data. As recently reviewed by Sansom and collaborators
(39), coarse-grained simulations of membrane proteins are particularly useful for exploring
large-scale changes in conformation including the diffusion and reorientation of peptides or
insertion of membrane proteins across the lipid bilayer, and self-assembly of membrane
protein—detergent micelles. A typical self-assembly of a protein-bilayer requires simulating
at least 0.1 ps, and such simulations become prohibitively expensive, if not statistically
inaccurate (due to convergence problems), with full atomic models and force fields. In
particular, the MARTINI force field introduced by Marrink and coworkers for lipids (40)
has found wide applications in recent years and have been successfully extended by the
Sansom and Schulten labs to protein—lipid systems (41-43).

In parallel to coarse-grained MD simulations, ANM-based methods have also been exploited
for examining the functional motions of membrane proteins, as we have recently reviewed
(7, 8). Notable applications include the pore opening of potassium channels (44), the
dynamics of the mechanosensitive channel (MscL) (45), the allosteric global torsional
motions of nicotinic acetyl choline receptor (46), cooperative domain movements of ABC
transporter BtuC (47), and identification of core amino acids and intrinsic dynamics of
rhodopsin (44, 48), as will be described in detail below.
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2. Materials

Hardware and software to run ANM and ANM-restrained MD

ANM-restrained MD simulations of rhodopsin were performed at four machines each with
eight 2.6 GHz Intel Xeon processors and 32 GB memory. The simulations described above
complete in approximately 10 h. The molecular dynamics simulations and energy
minimization sections of the protocol were run using Nanoscale Molecular Dynamics
Software (10). ANM calculations are performed in Fortran 90. The protocol is fully
automated using a tcl code that enables the communication of the different sections. This
code is available by contacting the authors.

The ANM code is available in both Fortran 90 and C programming languages. ANM
calculations of rhodopsin take approximately 1 min on one of the above processors. The
Web site implementation of ANM is also available and described in Note 1.

3. Methods
3.1. Methods I: Theory and Modeling

3.1.1. Overview—The diagram in Fig. 3 provides an overview of the overall approach,
where modeling of single structures are outlined in the white box and experimental studies
in the green boxes. When multiple structures are available, modeling is also used to help in
the analysis (green box, right), while other experiments may be driven by the modeling
(green box, bottom). The inputs and outputs of these approaches are summarized below and
described in detail in the subsequent sections.

Two types of inputs may be used in ANM calculations: a known structure accessible in the
PDB, or a structural model generated by the user, e.g., using structure determination
techniques or computational modeling such as homology modeling (also see below). For
example, the ANM server requires as input either the PDB identifier of the protein of
interest (which is directly downloaded from the PDB), or a four-letter filename for the
structural model in PDB format (found by browsing and retrieval from the local desktop)
(27). In either case, to generate/predict the equilibrium motions of a protein using the ANM,
one structure file, or the three-dimensional coordinates of the residues forms the input, even
at the coarse-grained scale (see below). As a typical example, we will illustrate below the
application of ANM to rhodopsin, which permitted us to explain 93% of experimentally
observed effects for 119 rhodopsin mutants (49). In the GNM, the input may even be simply
the list of “interacting” residue pairs without information on their detailed coordinates. The
main ingredient of the model is the N x N Kirchhoff matrix that describes the presence or
absence of contacts between the N residues of the proteins.

Iweb site implementations of GNM and ANM

We have developed the following software and database servers for performing and retrieving the types of calculations described in
the present chapter: ANM server (27) for ANM calculations; GNM server (105) and GNM database (106) for performing online GNM
calculations and releasing precomputed data, respectively; PCA_NEST server for performing PCA of NMR structures (67), and
ProDy software (107) for performing PCA of ensembles of structures and comparison with ANM predictions.
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On the other hand, if multiple structures are available for a given protein (its mutant,
different bound forms, or family members), and if the structures are sufficiently variable/
heterogeneous, one can take advantage of the available data to perform a PCA of the
ensemble of structures and extract the dominant types of structural variations. This type of
information, of purely experimental origin, helps test/validate the theoretically predicted
ANM modes. It can also be used to help understand which of the modes predicted by the
ANM are exploited by the protein for which types of functional events (50).

If there are no structural data available for the protein of interest, homology (or other)
models could be built, which might be used as templates for further refinement and analysis
in conjunction with the ANM studies. Currently, there are structural data available for a
quarter of all known single-domain families in the protein universe (of all organisms
sequenced to date), and >70% of all known sequences can be partially modeled using
existing structural data as templates/models (51). Evidently, membrane proteins are the most
challenging proteins to predict due to scarcity of structural data ((52) ; see also Fig. 1).
Homology models constructed using ANM modes have been successfully employed to
demonstrate the preferential binding of allosteric ligands to active and inactive
conformations of metabotropic glutamate receptors (53).

3.1.2. Modeling I: ANM Theory, Assumptions, and Implementation

ANM Protocol: We present below a detailed description of the steps required for
performing the ANM analysis of a given structure. A schematic description is provided in
Fig. 4.

Input: ANM analysis requires knowledge of a-carbon coordinates. These define the
positions of the “nodes” in the elastic network. The coordinates are usually retrieved directly
from the PDB file corresponding to the examined structure (e.g., the ANM server directly
accepts as input the PDB identifier); or alternatively one can feed the coordinates of a model
(e.g., homology model or snapshot from MD simulations) in PDB format. This brings into
consideration the first assumption implicit in the ANM analysis: The coordinates in the PDB
file are accepted to be the equilibrium coordinates without the need to perform further
energy minimization. This is in contrast to classical NMA which requires the energy
minimization of the PDB structure or any conformer from simulations prior to performing
NMA. The most widely used ANM adaptations use a-carbon coordinates as the node
positions, corresponding to a single-site-per-residue description. Other variants use p-carbon
coordinates or the lower resolution models with one-site-per-m residues, where m may be as
sparse as m= 40 (54). Such lower resolution models have been successfully used for
representing supramolecular systems such as viral capsids and the ribosome. Such larger
systems have been reviewed previously (26, 55).

Assessment of the topology of contacts: The topology of contacts here refers to the list of
amino acid pairs, or nodes, that are “connected” by an elastic spring in the network. By
definition, all pairs bonded or nonbonded within a certain cutoff distance R; are assumed to
be connected. Previous analyses demonstrated that R, = 12—15 A provides a good

Methods Mol Biol. Author manuscript; available in PMC 2016 March 21.



1duosnue Joyiny 1duosnue Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Isin et al.

Page 9

description of the native contact topology. Thus, the first task is to determine all node pairs
within this distance range. This is readily accomplished by taking the difference

Ry=Fj — R

between all pairs of nodes i and j (or all pairs of a-carbons) (Fig. 2a). The pairs of amino
acids whose a-carbons are separated by a distance R?j smaller than R; are thus assumed to

interact via a harmonic potential that stabilizes their equilibrium distance R,?j At the end of
this step we know all pairs of nodes that are connected.

Construction of the Hessian matrix: The Hessian matrix, H (Fig. 4), is the only ingredient
that the model needs. H provides a complete description of the topology of contacts in the
original structure. How do we construct H? In classical NMA, H is by definitiona3 Nx 3 N
matrix for a system of N interaction sites, composed of the second derivatives of the total
potential energy with respect to the 3 N degrees of freedom (usually the x-, y-, z-
components of the position vectors R, for all atoms).

Eigenvalue decomposition of H: Eigenvalue decomposition of H yields 3 N — 6 nonzero
normal modes, the frequencies and shapes of which are defined by the nonzero eigenvalues
and corresponding eigenvectors of H. The eigenvalue decomposition may be written as

H=UAUT. @

Here A is the diagonal matrix of the eigenvalues. A is composed of six zero eigenvalues (due
to translational and rotational invariance of H) and 3 N — 6 nonzero eigenvalues{is, Ao, ...,
A3 N—6} Organized in ascending order (i.e., Ay <Ay < .... Agn-g)- U isa 3 N x 3 N matrix
composed of 3 N-dimensional eigenvectors written as columns uy, Uy, ..., Uz n-6 (Preceded
by the six eigenvectors corresponding to the zero eigenvalues).

What is the physical meaning of eigenvectors and eigenvalues? Each eigenvector represents
a direction of motion in the 3 N-dimensional conformational space. It may also be viewed as
a supervector, the super-elements of which are each three-dimensional vectors
corresponding to the displacements of individual nodes, listed in sequential order along the
protein sequence. The kth eigenvector, for example, is composed of N blocks (each being a
three-dimensional vector) representing the relative displacement of the N a-carbons along
the kth mode. The kth eigenvalue, on the other hand, provides a measure of the frequency,
and size, of the motion as it scales with the square frequency of the kth mode and the size of
the fluctuations are inversely proportional to the frequency. Note that the eigenvectors
provide information on the relative movements of residues, not their absolute size, since
each eigenvector is normalized (sum of elements squared is equal to zero). The size of the
motion scales with the reciprocal square root of eigenvalues, as will be further clarified
below.

Eigenvalue decomposition is the most time-consuming step of ANM. A suitable subroutine,
e.g., BLZPACK (http://crd.Ibl.gov/~osni/marques.html#BLZPACK) which is an
implementation of the block Lanczos algorithm to solve large, sparse matrices, is used for

Methods Mol Biol. Author manuscript; available in PMC 2016 March 21.


http://crd.lbl.gov/~osni/marques.html#BLZPACK

1duosnue Joyiny 1duosnue Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Isin et al.

Page 10

this purpose. For molecules with 300 residues represented by a 900 x 900 Hessian matrix,
the solution is obtained within 2 s. For proteins with thousands of residues it is obtained
within a few minutes.

Mode shapes: The k" mode shape, also called ki mode profile, refers to the relative square
displacements of residues, [(AR)2]k = [(AX)2]k + [(AY;)?]k + [(AZ;)?]k along mode k as a
function of residue index 1 < i < N. This profile is readily evaluated from the trace (sum of
the diagonal elements) of each diagonal super element of the matrix [uy ui']. The mode
shape is normalized, i.e., the terms plotted as a function of residue index i sum up to unity.
Therefore, the kth mode shape represents the distribution of residue motions driven by mode
k.

Global modes, hinge sites, and recognition sites: Global motions usually involve large
portions of the molecule, i.e., they are highly cooperative, and have been shown in numerous
applications to be relevant to biological function (16). The slowest mode shape indeed
provides valuable information on the global dynamics of the molecule. Minima refer to sites
that serve as hinge sites, or anchors: these sites play a key role in mediating the collective
dynamics of the entire molecule. Not surprisingly, residues located at such sites are usually
conserved. Maxima in the global mode shapes, on the other hand, usually refer to substrate
recognition sites. Their intrinsic mobility facilitates optimal recognition and binding of
substrates. Both, hinge regions as well as substrate recognition sites are in general critical
for biological function. For example, the highly conserved shallow pockets that serve as
receptor-binding sites in influenza virus hemagglutinin A, or the antigen binding
hypervariable loops of immunoglobulins, form maxima in the slowest mode shape, whereas
linkers or interfacial regions between domains subject to anticorrelated motions form
minima (15, 28, 55, 56) It is important to note that the global modes are insensitive to the
details of the models and energy parameters used in normal mode analyses; they are
essentially defined by the distribution of inter-residue contacts, which is rigorously
accounted for in the ANM.

High frequency modes: In contrast to global modes, the high frequency modes are highly
localized, and as such they are sensitive to the detailed interactions at the atomic level. They
usually contain white noise contributions that need to be filtered out in order to extract
physically meaningful information. Not surprisingly, these modes have been referred to as
“uninteresting modes” (31) when extracted from MD trajectories. They usually drive
isolated fluctuations, as opposed to the correlated ones that underlie the intramolecular
communication.

The ANM results differ from those extracted from MD simulations or from full atomic
NMA, in that they are devoid of random noise effects; and they are uniquely determined for
the given topology of native contacts. The high frequency modes identified by the GNM, in
particular, proved to be “interesting”: they indicate the most strongly constrained sites in the
presence of the intricate coupling between all residues. The peaks emerging in these mode
shapes are usually implicated in folding nuclei, or key tertiary contacts stabilizing the
overall fold. As a consequence, they are evolutionarily conserved among different members
of a given family (57, 58).
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Application of ANM to Rhodopsin: To illustrate the application of ANM to membrane
proteins, we describe here its application to rhodopsin, the vertebrate dim-light
photoreceptor. Rhodopsin is the prototypic member of the largest known superfamily of cell
surface membrane receptors, the G-protein coupled receptors (GPCRs) (59). These receptors
perform diverse functions including responses to light, odorant molecules,
neurotransmitters, hormones and a variety of other signals. All GPCRs contain a bundle of
seven transmembrane (TM) helices (H1-H7) (60). In rhodopsin, this TM bundle contains
the chromophore, 11-cis-retinal, covalently bound to the e-amino group of Lys296 in H7.
The capture of a photon by rhodopsin isomerizes 11-cis-retinal into all-trans-retinal. The
structural perturbation in the TM helical bundle results in formation of a series of distinct
photointermediates that ultimately lead to tertiary structure changes in the cytoplasmic (CP)
domain that are the hallmark of the active state of rhodopsin, Meta Il (61, 62). Meta Il binds
the heterotrimeric G-protein, transducin, which is activated via exchange of GDP to GTP
(63).

The aim of the protocol described in this chapter is to integrate experimental and
computational data to better understand the structural changes that lead to the Meta Il state.
The global mode profile generated by the ANM for rhodopsin is presented in Fig. 5a. Panel
b compares the theoretically predicted (red, ANM) and experimentally observed (X-ray
crystallographic; black) B-factors B; = (872 / 3) < (AR;)? >. Note that the relative
displacements of the different structural elements become more distinctive upon extraction
of the global mode (panel a). Figure 5¢c maps the latter information onto a color-coded
ribbon diagram. Minima in the mode shape curve are colored blue, and maxima, orange.
Seven minima are identified and their centers are labeled in Fig. 5. The ribbon diagram
reveals that they all occupy a position in the middle of the TM helices, about halfway
between the extracellular (EC) and CP sides. As such, the loci of minima serve as a hinge
plane about which the two halves of the molecule undergo anticorrelated motions.

Largest amplitude motions are predicted for the loop regions between the TM helices and
the CP loops tend to undergo larger size motions than the EC loops (Fig. 5a). The EC loop 2
between H4 and H5 is much less mobile than the shorter CP loops 2 and 3 between H3 and
H4, and H5 and H6, respectively. This suggests there is a possibly larger conformational
motion upon retinal isomerization on the CP side than the EC side.

The ANM analysis of rhodopsin led to the identification of three groups of residues of
interest overall summing to 61 residues implicated in functional dynamics (49) : (1) those
participating in the global hinge region (colored red in Fig. 6), (2) those directly affected by
retinal isomerization (blue), and (3) those emerging as peaks in ANM fast modes, i.e.,
distinguished in the high frequency modes (green). The complete list of residues in the three
categories is given in Table 1 of our previous work (49).

3.1.3. Modeling II: ANM-Guided MD

ANM-Guided MD Protocal: The intrinsic dynamics of proteins has been shown in many
applications to be dominated by the protein architecture itself (15, 64, 65) and the same
property appears to hold for many membrane proteins as well (8). On the other hand, the
interactions with the environment such as the lipid bilayer, water molecules, ions and other
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ligands may also play a role in defining the detailed mechanisms of structural changes in
membrane proteins. We developed a method referred to as ANM-restrained-MD, or ANM-
guided MD, for explicitly taking into account the specificities of residues and their
interactions with the environment. We applied the methodology to rhodopsin (29). The idea
is to use iteratively the deformations derived from ANM analysis as restraints in MD
trajectories. This permits us to guide the MD trajectories so as to be able to sample the
cooperative motions that are otherwise beyond reach.

In ANM-guided-MD, an ensemble of ANM modes is used in an iterative scheme, as
depicted in Fig. 7. Essentially, the algorithm consists of two loops: The first (inner) loop
generates a succession of conformations using ANM modes as harmonic restraints in MD
runs, succeeded in each case by a short energy minimization algorithm to allow the molecule
to settle in a local energy minimum (The details of mode selection criteria are given in Notes
2). To this aim, we select from a pool of low frequency ANM modes. Then, for each mode
we define two target conformations and we run short MD simulations (20 ps) in the presence
of harmonic restraints that favor these target structures. Since the restraints may lead to
unrealistic strains in the structure, we perform a short energy minimization succeeding each
run and choose from the two alternative structures the one that is energetically favored.
After a sufficient number of iterations by screening all modes selected by collectivity and
eigenvalue dispersion criteria (detailed in the following sections) a new cycle (outer loop) is
initiated with the updated ANM modes corresponding to the structure reached by the end of
the first cycle, and this procedure is terminated after a certain number of cycles when the
targeted conformation with experimentally identified residue interactions or the final
acceptable root-mean-square deviation (RMSD) from the target is reached. The underlying
assumption in this protocol is that ANM-derived restraints drive the excursion of the
molecule toward a direction that would otherwise be naturally selected at much longer
times.

We developed a fully automated Tcl code for the implementation of ANM-restrained-MD
protocol in the NAMD software. The following sections provide the details on the individual
steps of the protocol.

2Choosing ANM modes for guiding MD simulations

Two criteria are used to select the ANM modes for the ANM-guided MD simulations. These are the mode frequency dispersion and
the degree of collectivity. The mode frequency dispersion is examined to identify a subset that has distinctive frequencies. The degree
of collectivity (108), on the other hand, is calculated using

1 N
n:ﬁexp(— Z aAR? log aAR?).

N

where « is a normalization factor to obtain Z OKAR? =1 (25) to ascertain that the selected modes are sufficiently cooperative
where most of residues are engaged in the protein motion. The degree of collectivity, k, takes values between 0 and 1. The value zero
means that there is no collective motion in the corresponding mode while in a mode with collectivity 1 all residues contribute the
conformational change. This criterion is useful for eliminating the cases where the low frequency modes induce a motion in a loosely
coupled chain segment only (e.g., the N- or C-terminus). In the case of rhodopsin, the lowest frequency modes were also observed to
be the most cooperative ones, and the frequency distribution indicated that the subset of the first three, or first seven, modes were
separable since the frequency values of the remaining modes are distinctively higher.

Methods Mol Biol. Author manuscript; available in PMC 2016 March 21.



1duosnue Joyiny 1duosnue Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Isin et al.

Page 13

Selection of distinctive and cooperative modes: The lowest frequency modes of ANM are
chosen to drive the MD simulation at each cycle as they represent the functional motions.

Two criteria were considered: mode frequency dispersion (or eigenvalue distribution) and
degree of collectivity to further determine the most relevant lowest frequency modes. The
details of these criteria are given in the Notes section see Note 2.

Preparing the target conformations: Since each mode corresponds to a fluctuation between
two oppositely directed motions, both directions being equally probable, two sets of
deformations are considered for each mode, referred to as “plus” or “minus” displacements
along the particular mode axis. The corresponding “target” conformation at a given cycle is
required to have an RMSD in C%-atom positions lower than 1.5 A compared to the starting
conformer, if the reconfiguration is performed along mode 1. The allowed upper RMSD
becomes 1.5(\i/\A1)Y/2 A for mode i, consistent with the relative size (Ai/A1)/2 of mode i with
respect to mode 1.

Application of harmonic restraints along the ANM modesin MD: Each C%-atom is
harmonically restrained to approach the target conformations for 20 ps. Figure 8
schematically describes the application of harmonic restraints in MD simulations. The
instantaneous distance p(t) of each configuration from the target configuration can be written
as:

pO)=Ir(t) = x, = (D (rilt) = x.,)%) e

where r(t) designates the 3 N-dimensional instantaneous conformation vector of the
biomolecule, r is its target conformation; ri(t) is the 3 x 1 instantaneous position vector of
the atom i at time t; and r; is its target conformation.

The implementation of the restraints is achieved by the following steps:
1. Set the distance p; between the initial and target conformations as p; = |r; — r|

2. Solve the equation of motion containing the additional force for the restrains, by
assigning initial coordinates using the initial conformation and an appropriate set of
initial velocities.

At
At each succeeding timestep, decrease the distance by Ap=(p, — PT)t— where tg is
the simulation time and pr is the distance of the conformation from the target
structure at the end of the simulation, which should be as small as possible.

Energy minimization: After reaching the two target structures for a given mode, both are
subjected to 1,000 steps of energy minimization using the steepest descent algorithm to
relieve possible unrealistic distortions and to select the lower energy conformer among the
two.

Application of ANM-Guided MD to Rhodopsin: ANM-guided MD was applied to
rhodopsin to obtain atomic detail on the simulation (29). The results helped confirm and

Methods Mol Biol. Author manuscript; available in PMC 2016 March 21.



1duosnue Joyiny 1duosnue Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Isin et al.

Page 14

further refine the precise location of the previously identified hinge site (highlighted in red
Fig. 6a). We observed that the hinge residues at H1, H2, and H7 are relatively closer to the
CP region where two water molecules are found to further stabilize the hinge site, details
that are not possible to obtain with ANM alone. Inclusion of explicit water in our model thus
contributed to refine the precise location of the global hinge region, as well as identify a
hydrogen bond network consolidated by water molecules. Several new interactions were
also observed to contribute to the mechanism of signal propagation from the retinal-binding
pocket to the G-protein binding sites in the CP domain (29).

Figure 9a displays the rhodopsin ribbon diagram color-coded by the RMSDs observed by
the end of the ANM-guided-MD simulations, from red (least mobile) to blue (most maobile).
Except for Pro23, all residues that exhibit minimal displacements (colored red in Fig. 9a) are
clustered in two regions, the chromophore binding pocket and the CP end of H1, H2, and
H7, which we shortly refer to as chromophore-binding and CP sites. These two sites are
enclosed by ellipses and displayed from different perspectives in the respective panels b and
c. Below we present more details on these two sites.

CPendsof H1, H2 and H7: There exists an extensive interhelical hydrogen-bond network
between H1, H2 and H7. This network includes highly conserved residues in the GPCR
family including the interhelical N-D pair (Asn55 on H1, Asp83 on H2) and the NPXXY
motif between Asn302 and Tyr306 on H7. We have found that two residues belonging to the
NPXXY motif on H7, Asn302, and Tyr306, are connected to H1 and H2 through water
molecules located in the cavity between helices H1, H2 and H7. Notably, in the resulting
conformation, Asn55 (H1), Asp83 (H2), and Asn302 (H7) are hydrogen bonded to a central
water molecule (Fig. 9b); a second water molecule interacts closely with Thr62 (H1), Asn73
(H2), and Tyr306 (H7) (Fig. 9b). Overall ~ 20 water molecules interacting with H1, H2, H3,
H4, and H7 residues were observed in our simulations to span the helical bundle from the
EC to the CP region and some exchanged neighbors during the simulations.

Chromophore Binding Pocket, and Rearrangementsto Accommaodate All-Trans-
Retinal: The chromophore binding pocket is highly packed. Therefore, small
conformational changes in the retinal are sufficient to significantly affect interactions within
the binding site. We have observed that the isomerization of the retinal to all-trans state and
the accompanying flip of the B-ionone ring cause steric clashes with the surrounding
residues (49). These clashes are relieved upon rearrangements in the positions and
orientations of the surrounding helices, which in turn induce a redistribution of contacts in
the chromophore binding pocket. We note in particular that the number of atom-atom
contacts between Trp265 and all-trans retinal (based on interatomic distance cutoff of 4.5 A)
is significantly lower than those made in the cisform (Fig. 9¢). Furthermore, Phe261,
Tyr268 and Ala269 on H6 make contacts with the $-ionone-ring to stabilize 11-cis-retinal in
the dark state (not shown), while these contacts are lost during ANM-guided MD runs.
Instead, new amino acids, Cys167 on H4 and two residues Phe203, Met207 and His211 on
H5, and Thr118 on H3 line the chromophore binding pocket.
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3.2. Methods II: Experimental Validation
3.2.1. Experimental Validation |. PCA of Multiple Structures

PCA Protocal: The PCA of structural ensembles permits us to visualize the major structural
differences by identifying the dominant directions of conformational variations. PCA may
be performed for an ensemble of PDB structures resolved for the same protein in the
presence of different substrates, for NMR models obtained for the same protein (66, 67), or
MD snapshots from essential dynamics analysis (EDA). The first principal component axis
displays the greatest variance in the dataset, and followed by the second principal
component axis, and so on. Briefly, PCA is achieved by designating for each conformer sin
the ensemble of M conformers, the conformation vector

S s T S T T s S S S S T
d =R (B )T = (01, @y, @2, )

or the 3 N-dimensional fluctuation vector
AqW=q¥ —q" @)

that describes the departure AR,(s)=Rg.(s) _ R.0in the position vectors of the N sites from

their equilibrium position RY The equilibrium positions are identified by the average over all
conformers (i.e., optimally superimposed PDB structures or snapshots from MD
trajectories). The covariance matrix is expressed in terms of these fluctuations as

Coon=M"',Aq® AGMT. (6

PCA

Comparison of ANM results with those disclosed by the PCA of experimental data thus
reduces to the comparison of the covariances from the two approaches, or the comparison of
the two sets of eigenvalues/eigenvectors that describe the dominant motions (ANM) or
structural variations (PCA).

Application of PCA to Rhodopsin: Recent application of this type of comparison to GPCR
family proteins yielded the results presented in Fig. 10 (7, 8). In this study, we used all
available rhodopsin structures in the ground and photoactivated states and two opsin
structures (7, 8). In panel a, these 16 known structures that project onto the conformational
subspace spanned by the two dominant PCA axes (corresponding to PCA modes 1 and 2)
are displayed. These two modes account for 62% and 12% of the structural variability in the
dataset (see Eq. 3.14). Comparison of panels ¢ and d demonstrates that the dominant
structural changes observed in experiments (PCA mode 1) for rhodopsin agree well with the
conformational changes predicted by the ANM, in accord with the results obtained (50) for
other proteins.

3.2.2. Experimental Validation Il. Biophysical Probes—When direct structure
determination is not feasible, introduction of biophysical probes can be a suitable alternative
to probe the local environment at a particular site, especially when combined with ANM
predictions. The predictions allow the design of specific experiments, where individual sites
can be chosen with more insight. In the absence of any predictions, a large numbers of
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mutants need to be screened to identify the regions of conformational change. With the
predictions, biophysical probes can be introduced site-specifically to probe for changes in
the environment at sites where such changes have been predicted by ANM.

Biophysical Probes Protocals: A simple and very specific way to introduce biophysical
probes is through cysteine mutagenesis followed by reaction with derivatization reagents
that carry the functional group to be investigated with the goal of probing its environment.
The free sulfhydryl group of the cysteine is amenable for chemical derivatization with
different reagents which can then be characterized by different spectroscopic methods. For
example, cysteine accessibility can be studied by 4,4’-dithiodipyridine (4-PDS) labeling. 4-
PDS reacts with free sulfhydryl groups in cysteines to produce stoichiometric amounts of 4-
thiopyridone that absorbs at 323 nm (68). The reaction rates and extents of a cysteine in a
protein with 4-PDS can be used as a biophysical probe for the local environment of that
cysteine. A step-by-step protocol for 4-PDS labeling of purified rhodopsin can be found in
(69).

Another popular approach is application of EPR spectroscopy to a spin-labeled protein. This
is a highly informative approach to study conformational changes in a protein. The native
cysteines or the introduced cysteines in the proteins are typically derivatized with a nitroxide
label. The most commonly used nitroxide label is methanethiosulfonate and the
corresponding side chain derivatized is designated as R1 (70). EPR can be used to measure
(1) dynamics of the side chain by the spectral line shape, (2) distance between the
paramagnetic labels via dipolar interactions and (3) solvent accessibility of side chains via
accessibility parameters. For studying relative domain movements, two R1 labels are
suitably introduced in the proteins and the distance between the labels is measured under
different conditions. A step-by-step protocol for EPR studies of rhodopsin can be found in
(72).

Cysteine accessibility and EPR spectroscopy are only examples of the methods that can be
used, others include fluorescence spectroscopy, NMR spectroscopy, and others.

Application of Biophysical Probesto Rhodopsin Identified by ANM and ANM-Guided
MD Simulations: To understand the conformational changes accompanying the activation
of rhodopsin and other GPCRs, extensive cysteine-scanning mutagenesis experiments were
conducted in combination with site-directed spin labeling followed by EPR analysis of
mobility, accessibility, spin-spin interactions, sulfhydryl reactivity, and disulfide cross-
linking rates (62, 72—79). Upon isomerization, the mobility of spin-labeled side chains at the
buried surfaces of H1, H2, H3, H6, and H7 were found to increase. Furthermore,
experiments suggest that the CP ends of helices, especially H3, H5, and H6, need to be
highly flexible to bind and activate the G-protein The increased accessibility of Val250 and
Thr251 upon activation (72) and the changes in the spin-spin distances with respect to
Val139Cys (77) were attributed to the movement of H6 away from the helical bundle such
that its interaction with H3 and H7 was weakened. These observations were later confirmed
by the recent crystal structures in the active forms of rhodopsin and other GPCRs such as
2- and ;1-adrenergic receptors (80-82). We have previously shown that the first two global
modes of ANM drive the relative rearrangements of helices H3, H4, H5, and H6 (49) ; the
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ANM-guided MD simulations closely reproduce these modes at the CP ends of these
helices. On the other hand, the CP ends of H1, H2, and H7 are presently found to closely
maintain their dark state structure (Fig. 9a, b), consistent with the relatively smaller
conformational changes observed experimentally in this region (73, 74, 79, 83-86).

I nteraction and stabilization of conserved motifs through water molecule network in the
transmembrane region: It has been noted that water molecules within the TM region could
play critical roles in regulating the activity of GPCRs and the spectral sensitivity in visual
pigments (87). One of the two water molecules that mediates the hydrogen bond network
between the NPXXY motif on H7 and N-D pair on H1 and H2 is already in contact with
these residues in the X-ray structure (87). Both water molecules remain at the same position
despite the implementation of ten cycles of ANM-restraints in MD simulations. Later, the
role of water molecules facilitating the hydrogen bond network within the TM region of
another GPCR, 32-adrenergic receptor, was also shown by the MD simulations (88-90) and
the recent crystal structures of this protein (80, 81).

Activation of rhodopsin by redistribution of residue contacts with itsligand: Cross-linking
experiments by using photoactivatable analogs of 11-cis-retinal (91, 92) showed that in the
dark state, 11-cis retinal cross-links to Trp265, while the all-trans-retinal cross-links to
Alal69 instead of Trp265. Further investigation by high-resolution solid-state NMR
measurements also showed that Trp126 and Trp265 interact more weakly with retinal in the
active state (93). Additionally, the NMR data also determined that both the side chain of
Glul122 and the backbone carbonyl of His211 are disrupted by the orientation of the f3-
ionone ring of all-trans-retinal in Meta 11 (93). The authors in (93) further proposed that the
contact of the ionone ring with H5 near His211 moves H5 to an active state orientation.

These findings are consistent with the redistribution of contacts between the chromophore
and rhodopsin we have observed during our simulations. We have found that the -ionone
ring of 11-cis-retinal in the dark state is almost parallel to the aromatic ring of Trp265 on
H6. Furthermore, Phe261, Tyr268, and Ala269 on H6 make contacts with the -ionone-ring
to stabilize 11-cis-retinal in the dark state (not shown). These contacts are either lost or
drastically reduced during ANM-guided MD simulations, and new contacts with other
amino acids are made, including Cys167 on H4 and Phe203, Met207 and His211 on H5, and
Thr118 on H3 (Fig. 9¢). We note that these new interactions also provide insights about the
activation mechanism of other GPCRs. Site-directed mutagenesis studies of the -
adrenergic receptor have previously showed that Ser203 and Ser207 on H5 are critically
important for binding catechol hydroxyl moieties from the aromatic ring of the agonists and
hence activation of the protein (94).

3.2.3. Experimental Validation Ill: Perturbation of Motions

Perturbation of Motions Protocols: A convenient method to identify if motions at specific
domains or regions of proteins play a functional role is to restrict these motions and measure
the effect of this restriction on ligand binding or on activation. One way to achieve this is by
suitably placing a pair of cysteines on the protein and to monitor the formation of a disulfide
bond between them. Once a disulfide bond has formed, the relative motion between the two
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cysteines and the regions connecting them is restricted. The step-by-step protocol for
measuring disulfide bond formation in rhodopsin can be found elsewhere (84). Site-directed
mutagenesis is a technique to selectively introduce or delete specific amino acid(s) in protein
by mutating bases in the corresponding nucleotide sequence. Many protocols have been
prepared, and commercial kits are available.

Application of Perturbation of Motionsto Rhodopsin: Disulfide bonds have been
strategically introduced in rhodopsin to study their effects on G protein activation, Meta |1
decay and phosphorylation by rhodopsin kinase (95). Different effects on function were
observed, depending on where the disulfide bonds were formed, although all regions were
shown by biophysical probes to undergo conformational changes upon light activation. In
particular, a disulfide tethering helix VI1I to the first CP loop does not affect any of these
functional characteristics, in contrast to a disulfide bond cross-linking the ends of helices 111
and VI, while a disulfide bond tethering the C-terminus to the CP loops actually enhanced G
protein activation, while fully abolishing phosphorylation by rhodopsin kinase. These results
show that some motions are dispensable for function.

3.2.4. Experimental Validation 1V: Functional Consequences of Motions

Functional Consequences of Motions Protocols: Introducing mutations in proteins or
restricting their motions through disulfide bond formation (described in Subheading 3.2.3.,
Perturbation of motions) can be used to investigate the significance of a particular motion
for the function of a protein. The functional assay best suited to study different proteins
depends on what the function of the protein is. In the case of GPCRs, binding and activation
of the G protein is a hallmark of its function. For receptors other than GPCRs, other
signaling proteins affected by receptor activation may be suitable. For receptors with
enzymatic activity such as kinase activity, auto-phosphorylation may be the best assay. For
other membrane proteins like ion channels yet other functional assays are available. Because
the functional assay differs for each protein under study, we do not provide specific
protocols here.

In addition to G protein activation, another common functional assay in receptors relate to
binding of ligand. In rhodopsin, the retinal binding assayed by absorbance spectroscopy is
the method of choice. Radioligand assays are more generally used to study other GPCRs.
Retinal binding in rhodopsin is often used to not only assess ligand binding itself, but also as
an indirect readout to study folding and misfolding, which is relevant to the retinal
degeneration disease, Retinitis pigmentosa. Finally, loss of retinal binding after rhodopsin
activation is also used as a functional assay, referred to as “Meta Il decay.” The half-life of
the increase in tryptophan fluorescence upon retinal loss is used as a measure of stability of
the activated state.

Application of Functional Consequences of Motions to Rhodopsin Found by
ANM and ANM-Guided MD Simulations

G protein activation: In order for the G protein to optimally bind and be activated by
rhodopsin, the CP loops and ends of helices have to become more accessible to the aqueous
environment and thus the G protein. The ANM predictions can thus be validated by surface
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accessibility measurements. Indeed, the CP ends of H3, H4, H5, and H6, and the connecting
loops CL2 and CL3 at the CP region, are highly mobile as evident by their high RMS
deviation values (Figs. 5 and 9), in agreement with spin labeling and cross-linking
experiments (77, 78, 91, 92, 96). The surface accessibility of the G-protein contact site near
the ERY motif is found to increase during the simulations.

Mutations associated with autosomal dominant retinitis pigmentosa: Two members of
residues identified to take part in the global hinge site, Cys187 and Cys110, form a disulfide
bridge, critical for folding and stability of rhodopsin (97). Mutation of both residues was
also found to be associated with autosomal dominant retinitis pigmentosa (ADRP), a
hereditary progressive blinding disease (98, 99). This is most probably caused by the
destabilization of the opsin structure near the chromophore binding site in Meta Il and dark
state of rhodopsin. During ANM-guided MD simulations, the positions of Cys187 and
Cys110 do not change and these residues have the lowest RMS deviation from the original
structure.

In addition to the two regions indicated in Fig. 9a, another deep minimum is observed which
contains only one residue, Pro23, near the soluble N-terminus at the extracellular region. It
has been shown that Pro23His mutation results in severe misfolding of the entire protein,
made irreversible by the formation of a wrong disulfide bond (100). This mutation has been
associated with the most frequently occurring form of ADRP (101). The pathogenicity of
human mutant Pro23His causing retinal degeneration was also confirmed by transgenic mice
strain experiments (102, 103).

Meta |1 decay rates: Meta Il stability of rhodopsin mutants is characterized by quantifying
Meta Il decay rates (104). This method has been useful to estimate the role of a given amino
acid in structure and function of the protein. We used our compiled comprehensive list for
Meta Il decay rates of rhodopsin mutants (49) to determine the effect of the hinge residues
on Meta Il stability. 97 of reported 228 amino acid replacements corresponded to unique
positions in the rhodopsin sequence. In all cases, Meta Il decay was determined using the
fluorescence assay developed by Farrens and Khorana (104). ANM correctly predicts 93%
of the experimentally observed effects in rhodopsin mutants for which the decay rates have
been reported. The observed validation with experimental data, whenever available, strongly
supports the use of GNM/ANM for guiding experiments. In particular we note among them
a few aromatic residues, Tyr301, Trp161, and Phe212, which appear to play a central role in
stabilizing the global hinge region (Fig. 11).
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Fig. 1.

Fraction and composition of membrane proteins in the PDB. (a) The pie chart shows that of
all structurally reserved proteins, 2% correspond to membrane proteins. The chart on the
right provides the breakdown of membrane proteins into different structural categories. (b)
Structural and functional distribution of unique membrane protein structures. Data was
retrieved on 26 November 2010 from the curated membrane protein database available at
http://blanco.biomol.uci.edu/Membrane_Proteins_xtal.html.
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Fig. 2.
Representation of a given structure by the ANM. Panel (&) displays the equilibrium position

of node i, RY its instantaneous fluctuation AR;, and instantaneous position R;. The fluctuation

from the mean position is given by ARY=R; — RY. For a pair of interacting residues i and j,
we denote the equilibrium inter-node distance vector extending from residue i to residue j as

R?j and the instantaneous change in distance vector is AR;;=R;; — R?j:ARj — AR;. Panel
(b) displays the node and spring representation where each node represents an amino acid,
and springs connect interacting nodes (bonded or nonbonded pairs of amino acids with an
interaction cutoff distance of R;). Panels (c) and (d) display the backbone (stick), and elastic
network (ANM) representations (based on a cutoff distance of 10 A) for an example protein,
glutathione transferase (PDB code 2A2R) (109). Note that the ANM also includes springs at
the interface between the two monomers.
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Fig. 3.
Schematic overview of the combined experimental-computational approach. Using either

single structures or homology (or other) models as an input, ANM or ANM-steered MD
simulations are used to predict motions without or with atomic detail, respectively (white
box, left top). If available, the input into computations can also be multiple structures that
can be used to validate predictions as well as help better analyze them (“direct observation,”
green box right). The predictions can be used to design experiments to validate them,
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through perturbation of motion or study of the functional consequences of motions (green
box, bottom).
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Schematic representation of ANM calculation steps and released outputs.
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Fig. 5.
Rhodopsin mations predicted by the ANM. (a) The distribution of square displacements of

residues along ANM mode 1. The non-TM regions exhibit higher mobilities in general,
especially CL2 (between H3 and H4) and CL3 (between H5 and H6). Residues acting as
hinge centers (minima) are labeled. Most lie at the TM helices centers, except for two
additional minima: Pro180 and Cys187 near the EC entrance to the chromophore binding
pocket. (b) Experimental (black) and predicted B-factors from the ANM (dashed blue). (c)
Ribbon diagram of rhodopsin color-coded according to the relative motions in panel (a) in
the order of increasing mobility blue (lowest mobility), cyan, green, yellow, orange (highest
mobility). Side chains are shown for the seven hinge residues labeled in panel (a) and 11-
cis-retinal is shown in light blue spacefilling representation. The hinge site divides the
protein into two anti-correlated regions, one on the CP side and the other containing the
chromophore binding pocket on the EC side. The image was generated using VMD (110).
More details are described in (49).
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Fig. 6.

Rgsidues identified by ANM to play a key role in the activation of rhodopsin. Three sets of
residues are highlighted: global hinge sites in red, amino acids affected by retinal
isomerization in blue, and peaks in high frequency modes in green (Adapted from Isin et al.,
2006) (49).
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Fig. 7.
Schematic description of the ANM-guided MD methodology.
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Fig. 8.
Applying harmonic restraints along the ANM modes in MD. Two dimensional schematic

representation of a pathway that the molecule follows while applying harmonic restraints
along the ANM modes in MD. The distance r(t) from the target structure is gradually
decreased during the course of simulation. Dashed lines show the distances of the molecule
from the target structure at the initial conformation (r|), at time t(r (t)), and at the final (ry)
conformation.
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Rhodopsin dynamics and key interactions near all-trans-retinal obtained by ANM-guided
MD. (a) Ribbon diagram of the structure color-coded by the mobilities observed in
simulations (red, most constrained; green/blue, most mobile). Non-TM regions exhibit
higher mobilities in general, especially CL2 (between H3 and H4) and CL3 (between H5
and H6). The all-trans retinal is colored brown. Residues that exhibit the lowest RMSDs are
clustered in two regions: around the chromophore, and in the CP portion of helices 1, 2, and
7. The CP ends of H3, H4, H5, and H6, including the loops CP2 and CP3, exhibit high
RMSDs. (b) CP end of H1, H2 and H7, viewed from the CP region. Two water molecules
are found be connected to highly conserved residues throughout the simulations. The first
forms hydrogen bonds with D55 (H1), N302 (H7) and D83 (H2) (left), and the second forms
hydrogen bonds with T62 (H1), N73 (H2) and Y306 (H7) (right). (c) Hinge residues in the
vicinity of the chromophore viewed from the CP regions. These are residues distinguished
by their high stability (low mobility). They include Cys167 on H4, Ser186 and Cys187 on
the B-sheet, Met207, His211, and Phe212 on H5, and Trp265 on H6. All-trans-retinal is
shown in orange (Adapted from Isin et al., 2008).
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PCA and ANM calculations for rhodopsin. (a) Distribution of 16 X-ray structures in the
conformation subspace spanned by the PCA modes 1 and 2. PCAL differentiates the inactive
and (putative) activated structures; PCA2 further differentiates between the structures in the
cluster of inactive rhodopsins (b) Superimposition of experimentally determined rhodopsin
and opsin structures, indicated by the labels on panel (a). (¢) Rhodopsin structure generated
by deforming the opsin structure along PCA1. (d) Rhodopsin conformation predicted by
deforming the opsin structure along the 20 lowest frequency ANM modes. Calculations have
been performed for C atoms; the remaining backbone atoms were reconstructed with
BioPolymer module of Sybyl 8.3 (Tripos). ANM calculations were performed using a
relatively short cutoff distance (R; = 8 A) so as to release interhelical constraints.
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Fig. 11.
Comparison of ANM results with experimental data. Key residues predicted by the ANM

(see Fig. 6, colored residues) and confirmed by Meta Il and folding experiments to play a
critical role are colored green, and the rest, purple. Both structures refer to the dark state
conformation with 11-cisretinal shown in space-filled model colored cyan.
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