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X-ray crystallography captures protein conformational states
that are stable enough to be captured. These observable states
are simply part of the functional event in the context of
protein dynamics. Life at the molecular level has a vibrant
nature at physiological temperature, governed by physics
laws.

Molecular dynamics (MDs) simulations have been used
to study biomolecular systems since 1970s [1]. Advancing to
this day, it has been a common practice for researchers who
access supercomputers to obtain trajectories for hundreds
of nanoseconds to two microseconds for small proteins
[2, 3] and a few tens of nanoseconds for supramolecular
assemblies such as the ribosome of a size larger than 200 Å
in explicit solvent with full atomic details [4, 5]. For the
few privileged who are able to access machines with build-in
hard-wired forcefields, a millisecond trajectory for proteins
of ordinary sizes can be made possible [3]. The advancement
in parallel computing and hardware speeds enables MD to
access timescales of molecular motions that are verifiable by
spectroscopy such as IR [6], UVRR [7], FRET [8], and NMR
[9]. On the other hand, experimental techniques, especially
in X-ray crystallography that has advanced to resolve atomic
details for molecules of ever increasing sizes [10], have
provided theoreticians a reliable ground to initiate tracking
of molecular motions over lengthened time and extended
space by leveraging the modern computing environment.

In this issue, we report dynamics stories for biomolecules
of different sizes, from crystal waters near the enzyme active
sites, “Implication of crystal water molecules in inhibitor

binding at ALR2 active site,” HIV-inhibiting peptides “Molec-
ular dynamics simulation of HIV fusion inhibitor T-1249:
insights on peptide-lipid interaction,” V2 vasopressin receptor
“Membrane protein stability analyses by means of protein
energy profiles in case of nephrogenic diabetes insipidus,”
ribosomes “Revealing-1 programmed ribosomal frameshifting
mechanisms by single-molecule techniques and computational
methods,” to “walking” myosins “Coarse-grained simulation
of myosin-V movement.” None of these studies can be
made complete with static structures alone. In Hymavati’s
work, theoretical evidence is presented that proteins bind
different ligands (or drug-like molecules) by engaging a
variety of water-bridging patterns “Implication of crystal
water molecules in inhibitor binding at ALR2 active site.” In the
MD study led by Luis Loura, potent HIV-inhibitory peptides
are found to concentrate near the cell membrane by engaging
hydrogen bond contacts with lipids and cholesterol so as to
prevent the fusion of HIV envelope with the membrane and
therefore increase the antivirial efficacy “Molecular dynamics
simulation of HIV fusion inhibitor T-1249: insights on peptide-
lipid interaction.” Heinke and Labudde demonstrate here
how MD can help produce reliable receptor models, whereby
stability-related energy profiles can be derived and show
how genetic mutations in V2R and aquaporin-2 impair their
stability and functions, which leads to the disordered phe-
notype, nephrogenic diabetes insipidus (NDI) “Membrane
protein stability analyses by means of protein energy profiles
in case of nephrogenic diabetes insipidus”. In similar vein,
Zhang et al. offer a comprehensive review on how missense
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mutations could impact protein stability and dynamics and
therefore function “Analyzing effects of naturally occurring
missense mutations.”

Despite of the great potential of MD, protein size can
easily limit its applicability. It is certainly challenging to
simulate macromolecules for timescales of immediate bio-
logical interest. The problem can be worsened with inherited
sampling problems [11]. The directions of initial momenta
of atoms are not specifically assigned (although the magni-
tude of velocity is deterministic at given temperatures), and
therefore a few trajectories have to be obtained to ensure an
unbiased sampling.

Coarse-grained (CG) modeling and simulation tech-
niques emerged in recent years as a promising alternative
to obtain biologically relevant dynamics for large macro-
molecules [12–19]. Dynamic nature and functional details
of ribosomes, myosins or even virus capsids of a size
as large as 675 Å “Coarse-grained simulation of myosin-V
movement,” “Analyzing effects of naturally occurring missense
mutations” [20] can now be theoretically studied thanks
to the development of CG techniques. The computational
speed of elastic network models (ENMs), a normal mode
analysis for proteins in their CG-ed presentation, can be
made five orders of magnitude faster than MD simulations
[12–14, 21, 22]. The elastic description of residue-residue
interaction reflects the physical nature of folded proteins that
sample their surrounding energy landscape [14, 22]. Due
to the elimination of fine interaction details, the potential
energy surface underlying the conformational transition is
smoothened, and the sampling for global dynamics at the
expense of atomistic details is enhanced [22, 23]. ENMs
have demonstrated that the observed “bound” structures
have been readily accessible to the “unbound” structures by
ENM-inferred low-frequency normal modes [14, 22, 24],
while the “induced fit” can be made apparent to dominate
the conformational transitions in strong ligand-protein
interactions [25] (Figure 1).

Aforementioned physical nature can be well explored
for supramolecular assemblies with a size of the ribosome
by atomistic MD simulations and CG-techniques. Chang
gives a comprehensive review in this issue on the possible
helicase activity in ribosomes and a phenomenon that is
called −1 programmed ribosomal frameshifting (−1 PRF),
the functional dynamics of which is a realization of “con-
formational selection” and “induced fit.” The review covers
recent progresses on single molecular and modeling tech-
niques, especially the optical tweezers, fluorescence (Förster)
resonance energy transfer (FRET), and ENM, followed by the
active uses of these techniques to unravel the mystery of −1
PRF, an elaborate and efficient use of one messenger RNA to
produce two or more gene products of totally different amino
acid sequences and structures so as to maintain life.

Katsimitsoulia and Taylor herein report a study using
coarse-grained hierarchical models, at three different struc-
tural resolutions, to simulate Myosin’s “walking” on the
actin filaments. The simulations reproduce observed mean
length of a processive run for myosin V, estimated at 2.4 µm,
or approximately 66 steps of 36 nm each. The simula-
tions can potentially model more than a hundred of such

Induced fit model (KNF)

Open

+

+

Close

Preexisting model (MWC)

BoundUnbound

Figure 1: Induced fit versus conformational selection. Protein (in
cyan) exists preexisting conformers and “selects” a given conformer
by stabilizing it with the incoming ligand (in blue). ENM reveals
such transition via its low-frequency normal modes. KNF, Kosh-
land-Néméthy-Filmer; MWC, Monod-Wyman-Changeux.

macromolecules using only 8–12 cpu cores, as the article
suggested. The progress in simulation techniques along with
fast and parallel computing facilities is gradually bridging
the gaps between molecular and cellular simulations. Before
another decade, we may expect to see married molecular
dynamics and systems biology simulations developed to
bring unprecedented mechanistic insights of life at the
molecular and cellular levels.

Lee-Wei Yang
Silvina Matysiak

Shang-Te Danny Hsu
Gabriela Mustata Wilson

Yasumasa Joti
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We describe the development of a hierarchic modelling method applied to simulating the processive movement of the myosin-V
molecular motor protein along an actin filament track. In the hierarchic model, three different levels of protein structure resolution
are represented: secondary structure, domain, and protein, with the level of detail changing according to the degree of interaction
among the molecules. The integrity of the system is maintained using a tree of spatially organised bounding volumes and distance
constraints. Although applied to an actin-myosin system, the hierarchic framework is general enough so that it may easily be
adapted to a number of other large biomolecular systems containing in the order of 100 proteins. We compared the simulation
results with biophysical data, and despite the lack of atomic detail in our model, we find good agreement and can even suggest
some refinements to the current model of myosin-V motion.

1. Introduction

1.1. Molecular Motors and Myosin V. Molecular motors are
ubiquitous in both prokaryotes and eukaryotes and are
essential to movement in all living organisms. Although
structurally and functionally diverse, they all share at least
one common characteristic that is an ability to convert
chemical energy into mechanical work. In a single eukaryotic
cell, there are at least 100 different types of molecular motors
present responsible for the active transport of intracellular
material across large distances within the cell. In addition
to driving these important subcellular processes, molecular
motors can also drive the movement of entire cells, such
as lymphocytes and embryonic cells, which must also travel
over great distances. The cytoskeletal filament system found
in eukaryotic cells acts as a scaffold to mediate directed move-
ment within the cell for one such group of molecular motor
proteins. To achieve this, motor proteins such as myosin,
kinesin, and dynein walk along the surface of polymerized
actin (microfilament) and tubulin (microtubule) tracks via
specific interactions with the actin and tubulin respectively.
Despite variations among them, these molecular motors all
appear to have converged on a core mechanism that couples
ATPase activity to generate force and movement/motion via
a biased conformational change.

All molecular motors that operate on actin filaments
belong to the myosin superfamily. With at least 35 different
classes of myosins [2], these cytoskeletal motor proteins are
associated with a host of physiological roles in cell motil-
ity, including muscle contraction, chemotaxis, cytokinesis,
pinocytosis, and targeted vesicle and organelle transport
[3, 4]. Class V myosins, in particular, have been shown to
transport cargo such as endoplasmic reticulum in neurons,
melanosomes in melanocytes, and mRNA in yeast [5–7].
Small variations in enzymatic activity/kinetics and structural
adaptations to an, otherwise, highly conserved catalytic
motor domain allow the different myosins to generate diverse
types of motility in the cell. Next to class II myosins, Myosin
V is probably the most studied class and rivals myosin II as
the best characterized myosin with respect to elucidating its
molecular basis for motion [8].

1.2. Processivity and Duty Cycles. Processive motors undergo
multiple chemical cycles before detaching from the filament
track to which they are bound. Myosin V is a classic example
of a processive motor as it is able to translocate over distances
greater than a single ATP-driven step [8]. This is in contrast
to nonprocessive motors, which undergo single translocation
events before detaching. To support translocation over large
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distances, these motors must, therefore, work in populations
of several hundred, all within the vicinity of an actin filament
to ensure continuous sliding [8]. Using fluorescent labeling,
the mean length of a processive run for myosin V has been
estimated at 2.4 μm, or, approximately, 66 steps of 36 nm [9,
10].

The mechanical arm movement during myosin walking
is coupled to the chemical cycle of the motor and a simplified
model for the processive movement of myosin V is shown
in Figure 1. Arbitrarily starting with both heads in an ADP
bound state, the trailing head, in a postpowerstroke con-
formation, releases ADP which is the rate limiting step in
the cycle. ATP then binds to the trailing head, causing it
to dissociate, allowing the leading head in a prepowerstroke
conformation to complete its powerstroke. As it does so, the
detached trailing head is thrust forward, hydrolyzes its ATP,
and reprimes its lever arm to a pre-powerstroke position.
This free head makes a diffusive search to bind to the next
actin site, becoming the new leading head [11, 12]. Alternate
kinetic branches and pathways to this general model have
been proposed, differing in the order that the two heads
adopt different nucleotide states and their affinity for actin
in these states [13–16].

The duty cycle is a concept related to processivity and
refers to the fraction of time a myosin head is in contact
with the actin filament during a processive run. Given that
the affinity of myosin V for actin is strongest during the ADP
nucleotide bound state and that ADP release is rate limiting,
myosin V spends most of its kinetic cycle bound strongly to
actin and is thus classified as a high-duty ratio myosin. It
is thought that a high duty ratio (>0.5) is required for all
processive myosins to prevent dissociation from the track
during movement on actin. Duty ratios can be calculated
in a number of ways, such as characterizing the kinetics of
the myosin catalytic cycle and using experimentally derived
rates or observing actin attachment by single fluorescently
labeled myosin. In the case of myosin V, experimental studies
on single-headed S1 fragments suggest the myosin is in the
strongly bound AM-ADP bound state for approximately 80–
90% of the time [17] and a duty ratio over 0.9 for the native
myosin dimer [18].

1.3. Outiline of the Work. In this work, we use a coarse-
grained molecular model of a myosin V dimer with an actin
filament [19] to simulate and analyse the dynamics of proces-
sive motion. Section 2 reviews the algorithm used to perform
simulations and the type of information generated by the
model.

Extensive additional details on the method, and the
current application in particular, can be found in the Supple-
mentary Material. It should be remembered throughout that
our modelling approach is not based on molecular physics
but employs extended objects including spheres, ellipsoids,
and cylinders and should be viewed as a mechanical model.
The results generated by the simulations focus on measurable
features of the model that can be compared, where possible,
to their experimental counterparts. Using this simple model,

ADP ADP

ADP

ADP

ADP

ATP

36 nm

ADP.Pi

Figure 1: Myosin-V ATP cycle. (a) Both myosins bind ADP and
are attached to actin (creating some bending strain from the relaxed
“leg” positions shown in light grey). (b) With loss of ADP in the
left leg, the power stroke can progress in the right leg. (c) On
ATP binding, the left leg is released from actin and swings to the
right and with ATP hydrolysis, it to returns to the pre-powerstroke
conformation. (Reproduced from [1], with permission).

we attempt to characterise what aspects are important in
generating processive motion.

2. Methods

2.1. Molecular Dynamics Algorithm. The algorithm and
model used for our simulations has been described in detail
elsewhere [19, 20] and will only be summarised here. Full
details of the basic method and the specific data structures
used in the current work can be found in the Supplementary
Material, available at doi:10.1155/2012/781456. The compo-
nent that has been developed further in this work is the
dynamics of the interaction between actin and myosin which
will be described in greater detail.

2.1.1. The Molecular Model. The molecular models were
based on the structure of myosin-V (PDB code: 2dfs) [21]
using a very course-grained representation that is based on
secondary structure elements (SSEs, α-helices and β-strands)
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(a)

Trailing leg

Hip joint

Leading leg

Actin filament

H

(b)

(c) (d)

Figure 2: Actin myosin binding animation. (a) The myosin-V dimer model (red) is shown bound to the actin filament model (green).
The actin polarity runs from right (− or “pointed”) to left (+ or “barbed”) so the myosin “walks” from left to right. Secondary structure
elements (SSEs) are depicted as cylinders (with large/small diameters for α/β) connected by fine lines. The translucent spheres show the
higher level groupings of SSEs into domains. (b) Annotates part (a), with the myosin leading leg bound tightly to the actin in prepowerstroke
conformation. The myosin trailing leg has just detached from the actin filament (solid line) and is now free to pivot about the hip-joint
between the two legs. The height (H) of the free myosin above the filament determines when it is recaptured, initially into a loose-binding
mode. Parts (c) and (d) capture the myosin in a similar conformation showing the circuit of 104 actin molecules (52 dimers with 8 half
repeats) over which the myosin can move.

reduced to their axial line segments (sticks). Each end of a
SSE stick is represented by a sphere and SSEs are grouped into
domains that, in turn are grouped into molecules. Details
of the break-down of both actin and myosin (with its light-
chains) can be found in [19]. Molecular motion is simulated
in a simple Brownian-like manner with each level in the
molecular hierarchy experiencing a random displacement
and rotation of fixed size with no inertia, experiencing only
basic steric exclusion [20].

The structure of the molecules is maintained through
pairwise interactions at the SSE and domain level. These
include restraints to maintain the internal structure of the
myosin head-group and the extended light-chain bound arm
(referred to previously as the “foot” and “leg,” by analogy
with the myosin V walking motion). There is only a single
restraint between the foot and the leg parts and also between
the two myosin molecules giving freely rotating ankle and hip
joints (within the constraints of steric hinderance).

The actin component was modelled as a well-restrained
filament of 52 actin dimers and to avoid end-effects, these
were bent into a circle with the ends joined without any
discontinuity in the twist of the filament (Periodic boundary
conditions are easily implemented with point objects such as
atoms. However, except at the lowest level, our objects are

extended ellipsoids and cylinders and, while a PBC could be
implemented, this would not be trivial. The actin ring avoids
this problem at the cost of minimal local distortion.). This
resulted in a ring with a diameter just over 90 nm comprising
four full periods of the filament repeat, or eight half repeats
with close to 36 nm period taking account of the symmetry
of the actin dimer. This ring was large enough to prevent
the myosin (with a double-leg span of 40 nm) from stepping
across the ring (Figure 2).

The starting position of the myosin dimer was based
on the actin and myosin positions observed in the model
of the insect flight muscle (PDB code: 1o1A) [22] with
the coordinates of the myosin-V globular (foot) domain
superposed on the corresponding domain of the myosin-II
in the muscle structure. This places one myosin molecule
close enough to be immediately captured and enter a loose-
binding mode (described in detail below) with the other
remaining free.

Several simulations were run using three myosin V model
structures differing only in the number of IQ motifs (light-
chains) they contained. These models will be referred to
below as myoV-nIQ where n represents the number of IQ
motifs present in each heavy chain of the model. From
the 6IQ model described previously [23], the coordinates
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beyond the 2nd and 4th IQ motifs in each chain were
discarded to obtain 2 IQ and 4 IQ myosin models, respec-
tively. The myoV-2IQ, myoV-4IQ, and myoV-6IQ were
all simulated using the algorithm described above on an
identical actin filament model.

2.1.2. Actin-Myosin Binding. The actin-myosin interaction
was modeled at two levels, initially by a nondirectional
attraction referred to as “loose-binding,” then from loose
binding, the interaction could progress to a tighter, direc-
tional interaction referred to as “tight-binding.” Only in the
latter mode was the myosin powerstroke allowed to progress.

The loose binding restraint was activated when the
centroid of a myosin head-domain (foot) came within 15 nm
of the filament axis. (At this stage, rotational freedom
remained undamped.) An initial weak attraction was then
activated between the myosin foot and the centre of the
closest actin dimer, along with a five-fold reduction in the
size of the random displacement experienced by the myosin
molecule. These restraints were only applied on a single time
step and were reevaluated on every time step, allowing the
myosin to alter its choice of actin binding partner.

If the myosin foot approached the filament, additional
restraints were added between the two myosin actin-binding
domains and the actin dimer centre, introducing polarity
to the myosin approach relative to the actin filament but
with no preferred orientation with respect to the filament
direction or angle of approach. If the orientation of the
myosin was favourable, with the two binding domains closer
to the actin than the foot centroid, then an attempt was made
to move towards tight binding. Otherwise, if the myosin was
still close to the actin, it remained in loose-binding mode
experiencing now ten-fold reduced random rotation and no
random translational motion.

The restraints for tight-binding were applied at the
domain level between the myosin-binding domain of the
actin molecule that was closest to the myosin foot and its
two actin-binding domains. To introduce orientation with
respect to the filament axis, the equivalent myosin-binding
domains on adjacent actins were used to provide additional
restraints. Following the foot analogy, the binding domain
at the “toe” of the myosin foot was attracted to the binding
domains of the central actin and the actin towards the plus
(rough) end of the filament, while the binding domain at the
“heel” of the foot was attracted also to the central actin and
the actin towards the minus (barbed) end of the filament.
From simulations of static binding [19], it was found that the
local restraints described above were not sufficiently strong
to hold the orientation of the myosin dimer, the other half of
which may experiencing large random motions. Increasing
the strength of the restraints was not practical as this led to
disruption of the actin filament (which experiences a com-
pensating reaction of equal strength). The solution adopted
was to introduce a nonphysical displacement that corrected
deviations in the myosin foot alignment with the filament
axis and its orientation away from the filament. Referring to
these motions by the aeronautical terms of “yaw” and “roll,”
respectively, the remaining degree of freedom (“tilt”) was

left uncorrected, being determined only by the local tight-
binding restraints described above.

In tight-binding mode, the random rotational movement
of the molecule was further damped by a factor of ten with
still no random translational motion. This leaves the myosin
molecule almost static with only a slight “wobble” movement
and small displacements resulting from the binding restraints
and steric repulsion (which is always active).

2.1.3. Powerstroke Motion. The powerstroke motion which
involves a rotation of the myosin “leg” by 70◦ about the
“foot” centroid (described in detail previously [19]) was only
activated once the myosin was in tight-binding mode and
had a reasonable altitude in both yaw and roll (within ±1
radian in each). The powerstroke was not made in one time-
step but in steps of 0.05 radians (2.86◦), and at every step in
the swing, the possibility existed that the myosin would lose
alignment or tight-binding and revert to loose-binding from
which it might even detach from the actin.

The reverse motion in which the foot readopts the
prepowerstroke conformation (associated with ATP hydrol-
ysis) occurred in the model only when the myosin was
unbound. As this is not affected by orientation relative to
the actin filament, it proceeded at double the powerstroke
rate (0.1 rad./step) during which period the myosin was
forbidden to bind to actin.

2.1.4. Myosin Dimer Hinge Motion. All the restraints and
conformational changes described above apply equally and
independently to both halves of the myosin dimer. The only
link between the two halves is through the way in which their
hinge point is maintained. This hinge is based on a pair of
virtual points placed at the midpoint between the two distal
domains on each leg in the starting (native) conformation of
the dimer. (This is equivalent to a rotation about the hinge
for each half combined with a joint translation of both).

When both halves are unbound, after each independent
random rotation and translation, the two halves are trans-
lated to restore a common virtual hinge point. Such a motion
would be completely disruptive of the interaction with actin
if either half were bound and in the situation where one half
is bound and the other free, the hinge restoration was applied
only to the free half.

When both halves are bound, the situation is more
complex and if one half is in tight-binding mode and the
other in loose-binding mode, then the hinge restoration shift
was applied to the loosely bound half only. If both are in loose
or both are in tight-binding mode, then a random choice was
made. We also coded the option to bias this choice by the
length of time each half had been bound, but this was not
implemented in the results described below. Independently
of the hinge restoration shifts described above, the virtual
hinge points were also linked by a restraint to each leg and
to each other, providing an additional elastic component to
maintain the hinge. If one myosin is free, these restraints will
be quickly satisfied but when both are bound, then strain will
be accumulated in the myosin legs by the effect of repeatedly
enforcing both hinge and binding restraints.
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2.1.5. Relationship to the ATPase Cycle. The state of ATP/ADP
was not specifically modelled but the conformational
changes have clear counterparts to stages in the ATP/ADP
binding and hydrolysis cycle. In the free, ATP-bound myosin,
hydrolysis of ATP corresponds with the restoration of the
myosin conformation to the prepowerstroke conformation
and its reacquisition of actin binding affinity. The ADP-Pi
bound state pertains throughout the loose-binding mode
until the transition to tight-binding. This is marked in the
model by the alignment of the myosin and the actin filament
within the proscribed tolerances and in biology with the
loss of Pi (possibly associated with a similar attainment of
accurate binding). The powerstroke follows and the period
spent in the postpowerstroke conformation is a tightly bound
state in both model and biology, referred to as the “rigor”
state. This ends with the release of ADP, which is replaced by
ATP resulting in the detachment of myosin from the actin,
completing the cycle. We have no explicit link with strain
in the molecule to the release of ADP but any strain in
the model will disturb the binding conformation making a
return through loose-binding to release more likely.

2.2. Simulation Setup and Data Collection. The trajectories
generated during a simulation recorded information on
every computer time-step (or frame number) including the
coordinates for both the actin track and myosin dimer in
both the reference frames of the actin and the myosin. We
also recorded the binding state of each myosin foot as loose,
tight or free, as well as the identity of the actin domain to
which it was bound and whether it had attained its post-
powerstroke conformation (swung state). In addition, since
the actin track was circular, the number of laps the myosin
has travelled was also recorded.

2.2.1. Staircase Data and Velocity. Distinct steps in the
motion of a myosin dimer during a simulation can be
identified from a trajectory by monitoring its interactions
with the actin filament. If the position of a myosin foot is
defined as the site on the actin filament to which it is bound,
plotting the position as a function of time (or frames during
a simulation) reveals a myosin walk that occurs in distinct
step-like increments. To obtain these, given the circular actin
track used in the simulations, the position of each myosin
head was calculated using the number of laps the myosin
had travelled in addition to the current actin of attachment,
giving the distance (D) as D = C + (L × N) − S, where N
is the total number of actins comprising the circular track
(52), L (Lap Number) is the number of times a myosin head
has travelled around the circular track, S is the starting actin
position, and C is the number of the actin bound at the end
of the simulation.

2.2.2. Measurement of Step Size. To measure the step size of
myosin, frame data from each trajectory was used to extract
only those frames where both myosins were attached to the
actin track. Given that the duration of a single step lasted over
multiple frames, the last frame representing each discrete
step was arbitrarily chosen for analysis of step size. The size of

the step was then calculated by taking the absolute distance,
defined as the number of actin units between the lead and
trailing foot for each frame. A frame where one foot was
bound on actin 13 and the second on actin 20 would thus
result is a step size of 7 units. Taking the average distance
between consecutive actin monomers in the 52 monomer
circular track gives an average distance between actins of
5.70 nm. This means a step size of 7 units corresponds to
approximately 39.9 nm.

2.2.3. Dwell Times. Dwell times represent time intervals
between stepping events, the duration of which in the natural
system, are stochastic with an exponential distribution. To
extract dwell times in the simulations, we can isolate all
steps where both heads are attached to the actin track and
count the number of frames where the positions of the
myosin feet remain constant. Dwell time distributions were
plotted for each myosin head individually and also combined
and the resulting histograms were fitted with a single rate
constant according to the model described by Yildiz et al.
[24], who showed that a plot of the dwell time distribution
P(t) is characterized by an initial rise and then a decline.
The derived kinetic equation for this type of movement is
P(t) = tk2 exp(−kt), assuming the stepping rates (k) of the
two heads are equal. This holds true in experiments where
a myosin has only one labeled head and where the label is
near the motor domain, such that only the movement of
the labeled head is observed. In contrast, if movement is
observed for both myosins, the dwell time is reduced to a
single exponential:

P(t) = k exp(−kt). (1)

Since the simulations record the position of both heads
at a given time, the single exponential equation (1) is the
appropriate form.

2.2.4. Duty Ratios. The duty cycle ratio reflects the fraction
of time a myosin head is in contact, strongly bound, with
the actin filament during a processive run. To calculate the
duty ratios in our simulations, we took the ratio of frames of
tight binding to total frames for each head and averaged these
values over 5 runs for each of the myoV-2IQ, myoV-4IQ, and
myoV-6IQ simulations. This gave the ratio for single heads
only. Subsequently, to calculate the duty cycle ratio for the
double headed species, we took the average of the ratio of
frames where either head of the homodimer was in a strongly
bound state to the total frames in each simulation.

3. Results

The dynamic model described in Section 2 contains no
component that would guarantee any processive movement
or even that the myosin motor would remain attached to
the actin for any length of time. Both legs of the myosin
dimer, when unbound, are equally free to swing in the
forward filament direction as well as backwards and each can
independently detach from the myosin. It, therefore, came as
a welcome observation that the model “walked” around the
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myosin track with very few reverse steps and a relatively small
number of molecules “falling” off.

In the first half of this section, we investigate the origin
and requirements of this motion by systematically altering
aspects of the model. In the second part, we compare the
speed and behaviour of the truncated constructs described
in Section 2.1.1.

3.1. Characterisation of the Method. As with any track sport,
we monitored the overall behaviour of the model by the
lap-time of the runner: specifically how many time-steps
were required to complete one lap of the 52 actin dimer
circuit. Also of considerable importance in the assessment
of a molecular athlete is how often it falls off the track. We
have not attempted to exhaustively optimise the parameters
of the model for speed but we adopted any change that
gave a significantly improved lap-time, without introducing
physically unreasonable behaviour or leading to an excessive
rate of detachment. Although we do not know whether an
unloaded native myosin-V has evolved towards maximum
speed, it provided a simple evaluation criterion to use in the
model development.

3.1.1. Binding Affinities. In the simple Brownian-like model
of motion employed in the simulation, all displacements
have a fixed size so the strength of pairwise restraints depends
on how often they are applied, which in turn depends on the
cutoff range within which they become active.

The first restraint to be activated on actin—myosin
binding is a centroid—centroid attraction at 15 nm. Our
initial test on this was to remove it which was found to
result in an improved lap-time with less molecules dropping-
off. Given the spread of lap-times, it cannot be claimed that
this improvement is significant but the test provided no
reason to keep the constraint and it was omitted from the
default method. From visual assessment, the removal of the
constraint resulted in less distortion of the actin filament
(due to the opposite reaction to the myosin attraction) which
may explain the better performance (Table 1).

The parameter zone (default 12 nm) that determines
when the loose-binding interaction is activated (involving
the myosin binding domains) was varied from 15 nm in
steps of 3 nm down to 7 nm (which is just 1 nm over
the separation at which the actin and myosin molecular
envelopes collide). Variation of the zone parameter resulted
in some improvement at the slightly higher value of 15 nm
but as higher values are more difficult to justify physically, a
shift in this direction was not accepted. There was, otherwise,
little difference in lap-times except for the shortest value
(7 nm) which was over 50% longer than times obtained with
the default value (Table 1).

The pairwise interdomain restraints involved in main-
taining tight binding are less important than the control of
the yaw and roll angles with respect to the filament axis.
As described in Section 2, the powerstroke is only activated
when both these rotations are within a tolerance of ±60◦

(set by the parameter: align). To test this limit, values for
align of 30◦ either side of this default range were tested. As

would be expected, compared to the default value, the stricter
limit resulted in a slightly longer lap-time with the looser
constraint being slightly faster but with more molecules
detaching. These tests provided no clear indication to alter
the default value (Table 1).

3.1.2. Myosin Hinge Effects. An important aspect of the
model in the generation of processive motion lies in the link
between the myosins, especially when one is undergoing a
powerstroke conformational change. Using the best model
as described above, the myosin was capable of completing a
circuit of the track in under 1000 steps (Table 1). It seemed
likely that this efficient processive motion might be a direct
result of the large conformational change associated with the
powerstroke, causing the trailing leg to be released. To test
this possibility, we attempted to nullify the direct effect of
the powerstroke by allowing the hinge to dissociate, in effect,
dislocating the myosin hip-joint during the powerstroke.
Implementing this change led to the unexpected behaviour
of most of the myosins detaching from the track (Table 1).
The reason for this behaviour is not obvious but we suspect
that once the trailing leg is free, the sudden restoration of the
hinge disrupts the binding of the attached leg.

3.1.3. Weak Legs. The detrimental effect of altering the
hinge meant that little information was obtained on the
contribution of leg-strain during the powerstroke to the
detachment of the trailing foot. An alternative approach to
investigate this is to alter the rigidity of the leg to reduce the
build-up of strain. As described previously [19], the domains
of the light-chains that constitute the leg are restrained with
links between adjacent domains and those adjacent-but-one.
In addition, two long links between the first and the last
domains were added for extra rigidity. When these two long
restraints were removed a marked increase in lap time of
20% was observed, indicating that the rigidity of the legs
contributes to efficient motion but it remains difficult to
determine whether this is caused by faster detachment of the
trailing foot or a more efficient search for the next binding
site.

3.1.4. Bound State Coexistence. To discriminate these two
options, the binding times and step-sizes were analysed and
of particular interest is the coexistence of different binding
states on the two myosins. A table was compiled of the
number of time steps in which each of four distinct binding
states coexisted over 10 single lap simulations of the default
myosin model with a leg-brace (good-leg) and a model
where this was omitted (weak-leg). The binding states were
“free” (F), “loose” (L), “tight” (T), and a substate of tight
binding, “swung” (S) in which the myosin had attained its
postpowerstroke conformation (Table 2).

By definition, there are no counts when both myosins
are free (FF) as this causes a termination of the simulation.
As would be expected, there are also no counts when both
molecules are in a postpowerstroke conformation (SS) since
even with the more flexible leg, this would require too great a
distortion. Of the other symmetric states, both double loose



Computational and Mathematical Methods in Medicine 7

Table 1: Parameter optimisation of the default model. For each change in the model, the mean lap-time was recorded (with its standard-
deviation) along with the number of falls (when the myosin detached from the actin track). These partial circuits were not included in the
number of runs used to calculate the mean lap-time. Experiments with the myosin hip-hinge were generally disruptive (see Section 3.1.2).
Changing the capture zone for loose-binding and the range within which to align the actin/myosin orientation produced no significant
improvement. The only change that was adopted as the new default was to remove an initial attraction between the actin and myosin.

Falls Lap-time (±) Runs Description

6 1019.7 (323.4) 20 Initial model

21 1273.7 (606.1) 6 Hinge fix off in swing

20 1113.3 (753.9) 10 Hinge fix off in swing but strong link

1 1141.7 (510.4) 20 Hinge fix off when equally bound

2 963.4 (266.0) 20 Initial attraction off (new default)

0 974.9 (290.5) 20 Zone = 1.5

0 1086.9 (311.4) 20 Zone = 1.2

1 1051.5 (525.6) 20 Zone = 0.9

0 1566.6 (500.7) 20 Zone = 0.7

0 1108.1 (498.2) 20 Align = 0.5 rad.

3 961.35 (288.1) 20 Align = 1.5 rad.

1 1225.3 (422.1) 20 Flexible leg (weak)

2 1051.8 (383.6) 20 Release trailing-leg (ratchet motion)

Table 2: Binding state coexistence in the two myosin “legs.” The binding state of each myosin leg can be either free, in loose or tight binding
or in the latter state after the powerstroke has swung. Combinations of these four states were counted for both leg-1 and leg-2 over ten circuits
of the track. Counts were tabulated for the default model (good leg) and a more flexible myosin (weak leg). As no significant difference was
seen between symmetric counts (leg-1/2 and leg-2/1), these were combined and the (weak-good) difference taken.

Leg-1 state
Leg-2 state

Free Loose Tight Swung

Good leg

Free 0 454 2799 644

Loose 712 109 309 95

Tight 2150 258 103 33

Swung 759 154 49 0

Weak leg

Free 0 721 2262 977

loose 801 199 435 178

Tight 3190 247 106 39

Swung 1505 163 57 0

Combined (weak\good)

Free 1166 4949 1403

Loose 1522 567 249

Tight 5452 682 82

Swung 2482 341 96

Difference (weak-good)

Free 0

Loose 356 90

Tight 503 115 −3

Swung 1079 92 14 0

binding (LL) and double tight binding (TT) are uncommon,
with the former being more abundant in the weak-leg
simulations.

As the two legs are treated equally under the model,
symmetric counts were added (e.g., ST + TS) and tabulated
together (Table 2, combined). The differences in these counts

(Table 2, difference) shows an overall increase because of the
longer simulation times for the weak leg, with the greatest
increase in combinations where one leg is free and the other
bound, and in particular, bound in the postpowerstroke
conformation. By contrast, there is no significant change
when the two legs are both in tight binding mode (TT),
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(a) good (b) weak

Figure 3: Myosin steps. Superposed frames of myosin molecules retaken from a simulation with (a) a stiff leg (good) and (b) a more flexible
leg (weak). In both parts, a line connect the mid points of sequential domains which is drawn thicker in the bound myosin with one of
the binding domains marked by a sphere. The colours represent active powerstroke (green), postpowerstroke conformation (red), unbound
(blue), and loosely bound (cyan).

which might be expected if it were easier to maintain this
combination with weak legs. Together, these observations
suggest that the main difference is not associated with stress
between two bound states but with an increased waiting time
for the more flexible free leg to find a binding site compared
to the stiffer free leg. This can be rationalised in terms of the
space searched by each free leg: a stiff leg will search a thin
shell, whereas a more flexible leg will search through a thicker
shell (Figure 3). As the latter has a greater volume, it will take
longer to find the next actin to bind to.

3.1.5. Forced Ratchet Model. The propagation of the pow-
erstroke motion through the myosin hip-joint hinge is the
only communication that occurs between the two myosin
monomers, which otherwise operate under an identical set
of constraints. Except for this physical “force,” there is no
instruction that directs the trailing-leg of the dimer to release
when the leading-leg becomes bound. To investigate if direct
communication between the binding states on the legs might
improve the efficiency of the processive motion, we added the
condition that when the leading-leg attained binding with
the trailing leg in its postpowerstroke configuration, then the
trailing leg would be set to the unbound state. This change
did not involve any immediate change in position for the
trailing-leg but with the other leg in binding mode, then
random motion, including the maintenance of the hip joint,
would be focused on the trailing leg so giving it a good chance
to move away from the actin filament.

An analysis of the coexistence of bound states under
this model revealed the same percentage occurrence of
both heads in tight-binding mode (TT) as under the
default model (Table 2, good leg counts) but with a five-fold
reduction in states where one of the bound legs was in its
postpowerstroke conformation (TS or ST). Although these
counts are indicative of a more efficient transfer of motion

from one leg to the other, the average lap-time (over 20
circuits) was insignificantly different from the current default
model and was, indeed, slightly slower. This unexpected
result can be rationalised by the fact that the myosin velocity
in our model is dominated by the time taken to search for the
next actin binding-site with almost 90% of the time spent
in a state with one leg free. Improvement in lap-time can,
therefore, only be made in the remaining 10% of the time. As
there is already an efficient transfer of motion from one leg to
the other under the default model, any additional gains can
only be small.

3.2. Simulations with Different Leg-Lengths

3.2.1. Staircase Data and Velocity. Steps in the motion of
a myosin dimer can be distinguished as jumps in the
observed amplitude of the staircase-plot of distance against
time. The displacement traces for the myoV-6IQ trajectories
contain the most frequent staircase events, while those
for the myoV-2IQ trajectories contain the least. For all
simulations, displacements were biased in one direction,
with only occasional backsteps (Figure 4). However, there
was a difference in the number of backsteps between the
myoV-2IQ, 4IQ, and 6IQ simulations, with the latter two
having approximately 4 times as many backsteps. With a
total number of steps over all trajectories counted as 1261,
845, and 964 for the myoV-2IQ, 4IQ, and 6IQ simulations,
respectively, the backsteps observed accounted for 5.95%,
19.5%, and 20.7% of the total steps.

The step traces for a sample of long runs are plotted
in Figure 5(a) for each of the three models. It can be seen
that the two longer-legged models (Myo-4IQ and Myo-
6IQ) are capable of travelling over extended distances, or
for the shortest model (Myo-2IQ), travelling less but for a
considerable period of time. The points at which the runs
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Figure 4: Step traces. These are sample step traces for each of the (a) myoV-2IQ, (b) myoV-4IQ, and (c) myoV-6IQ simulations showing
typical staircase events. Trajectories for head 1 in are in dark blue, and head 2 in light blue. A clear example of a backstep is shown enlarged
in part (c). X axis is frame number, while Y axis is actin position/number. Note the difference in scales.

terminated give some idea of the length of a processive run
which for the 6IQ model is comparable to the 66 steps
estimated by Sakamoto et al. [10]. However, we did not use
this direct approach to measure processivity since, besides
the long simulation times required, after a large number of
circuits, the actin track becomes increasingly distorted which
can increase the chance of detachment.

To minimize any effects due to damage to the actin
track, the velocity of each model was calculated based on
a larger number of shorter runs comprising two laps of
the track. Figure 5(b) shows data points collected from all
trajectories over the three varying IQ length models with a
line of best fit to the data. The fits (in actin-units/frame)
are as follows for the myoV-6IQ, myoV-4IQ, and myoV-
2IQ models, respectively, 0.057, 0.039, 0.0067. The increase
in velocity is directly proportional to arm length only
between the 4 and 6 IQ models with the 2IQ model running
unexpectedly slowly.

3.2.2. Measurement of Step Size. The average step sizes for
the 2IQ, 4IQ, and 6IQ myosin simulations obtained from

the fitted Gaussian distributions were 3.0 ± 0.0, 4.64 ± 0.93,
6.07 ± 0.95 units, respectively (Figure 6). In contrast, using
median values from the data gives average step sizes of 3, 4,
and 6 units respectively. Given the relation of 5.70 nm per
1 actin unit, these values translate to average step sizes of
17.1±0.0 nm, 26.45±5.30 nm, and 34.60±5.42 nm using the
means, and 17.1 nm, 22.8 nm, and 34.2 nm using the median
values. A plot of the step sizes versus the number (n) of IQ
motifs (Figure 7(a)) shows a linear relationship with a line of
best fit of 4.38n + 8.52 between the step size of the myosin
models (myoVnIQ).

Plotting the step size against actual leg-length (L) also
reveals a close to linear relationship with a best fit line of
0.598L-0.164, which almost passes through the origin. When
constrained to include the origin, the slope changes slightly
to 0.59 (Figure 7(b)). This implies that there is a constant
angle formed between the myosin legs when they bridge their
binding sites, irrespective of leg-length. If the leg-length is
L with stepsize s, then this angle (θ) is 180 − 2cos−1(s/2L),
which for L/s = 0.6, gives θ = 112.9◦, or 33.55◦ between the
actin filament axis and the myosin leg. If we assume a
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Table 3: Dwell time rate constants. The mean rate constants (frames−1), with standard deviations below, are tabulated from fits of the single
exponential equation (1) to dwell time distribution histograms (Figure 8) for the first head (k1), the second head (k2), and both heads (k12)
of the myosin dimer model for each leg length (IQ units) of the myoV-2IQ, myoV-4IQ, and myoV-6IQ simulations.

Rate const. k1 k2 k12

2-IQ leg

Mean 3.909× 10−3 4.004× 10−3 3.957× 10−3

Std.dev. 1.096× 10−4 1.089× 10−5 6.451× 10−5

4-IQ leg

Mean 1.321× 10−2 1.089× 10−2 1.204× 10−2

Std.dev. 5.476× 10−4 5.228× 10−4 3.192× 10−4

6-IQ leg

Mean 1.507× 10−2 1.450× 10−2 1.479× 10−2

Std.dev. 1.947× 10−4 3.343× 10−4 2.112× 10−4
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Figure 5: Cumulative step plots. (a) The position on the actin track
(Y-axis, actin units) for a single myosin leg is plotted at each frame
(X-axis) for the three models with differing leg lengths: myoV-
2IQ (red), myoV-4IQ (green), and myoV-6IQ (blue). The positions
include both loose and tight binding modes. (b) All data points over
all simulations for the three models (coloured as in (a)) over the
initial 3000 frames or 2 laps (104 actins) if shorter, with solid lines
in same colors indicating lines of best fit to the data, respectively.

movement of 70◦ between the pre- and postpowerstroke
conformations, this positions the bound myosin almost
orthogonal to the filament axis before the powerstroke.

3.2.3. Dwell Times and Duty Cycle Ratios. Since the simula-
tion algorithm records the position of both heads at any given
time, the single exponential in (1) was used to characterize
the distribution of dwell times during a myosin model walk
for each of the three different IQ lengths. The theoretical
fits to the distributions (Figure 8) gave rate constants sum-
marized in Table 3, where k1 denotes the rate for head 1,
k2 denotes the rate for head 2, and k12 denotes the rate
from the combined data of both heads. The rates obtained
for the fitted lifetimes for each head individually and then
combined showed no statistical difference, confirming that
both heads have an equal stepping rate, as expected. As
such, subsequent analysis was performed using the rates from
the combined data from both the myosin heads (k12) for
improved statistics. Using the above rates and theoretical
curves gave average dwell lifetimes of 252.7, 83.06, and
67.61 frames for myoV-2IQ, myoV-4IQ and myoV-6IQ,
respectively.

The calculated duty cycle ratios for the 2IQ, 4IQ, and 6IQ
simulations were 0.51± 0.02, 0.55± 0.03, and 0.54± 0.02 for
the single heads, and 0.993 ± 0.001, 0.943 ± 0.001, 0.933 ±
0.002 for the double-headed species, respectively. As will be
discussed below in more detail, both the dwell times and duty
cycle ratios correspond well with experimental data.

4. Discussion

4.1. Behaviour of the Model. The mechanical model
employed in the current work retains a close correspondence
to the known structure of myosin-V, with the exception of the
junction between the two myosin molecules (the “hip” joint)
which is unresolved [21]. The degrees of freedom within this
model have been previously described and parameterised to
recapitulate the internal molecular motions and the relative
orientation of myosin to the actin filament when bound
[19]. The dynamic behaviour developed in the current
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Figure 6: Step Size Histograms for the Movement of MyoV. Plots are for myoV-2IQ (a), myoV-4IQ (b), and myoV-6IQ (c). Y-axis shows
the number of events (F). X axis shows the number of actin units separating the two myosin heads of the dimer when both are bound to the
actin track. Separation by a single actin unit represents a distance of roughly 5.70 nm. Fit to a Gaussian distribution as follows: mean ± s.d.,
2IQ = 3.0 ± 0.0, 4IQ = 4.64 ± 0.93, 6IQ = 6.07 ± 0.95.
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Figure 7: Step-size with number leg-length. (a) Step size (Y-axis, nm) against IQ number (X-axis). Note that there are no error bars for 2IQ
as every step size was identical at 3 actin units of separation. (b) Step size (Y-axis, nm) against Leg-length (X-axis, nm). The models had legs
ranging between 9.3 nm (2IQ) to 14.60 nm (4IQ) to 19.90 nm (6IQ) in length.

work resulted from the additional capacity for both myosins
to bind to actin and progress through a powerstroke on
binding. As a simple consequence of having relatively stiff
legs, both myosins cannot remain bound when they are both
in their postpowerstroke conformation. This means that
when one leg is bound in the postpowerstroke conformation
and the other binds and attempts a powerstroke, one or the
other must detach. Our model contains no explicit action
or bias to specify which myosin that should be and there
is a 50 : 50 chance it could be either the leading-leg or
the trailing-leg. That this apparently symmetric situation
should lead to largely unidirectional processive motion along
the filament can be explained by the differing pre- and
postpowerstroke states of the two myosins. If, by chance, the
leading leg detaches, then because the trailing leg has already
undergone a powerstroke, this means that the leading leg will
remain in the proximity of the filament and is able to rebind.
However, if the trailing-leg detaches, then the leading leg is
free to continue its powerstroke which will swing the trailing
leg away from the filament, reducing its chance to rebind.

The processive motion that results from this asymmetry
is relatively insensitive to the parameters of our model.
When behaviour is monitored by lap-time and falling-off,
the choices that make most difference are those that affect
the search time for the unbound leg to find a new actin
binding-site. These include how close the myosin foot must
be to an actin before it is captured in loose-binding mode
and how stiff the leg is. The latter dependency appears to
be a consequence of the greater efficiency of searching in
a wide arc rather than spending time in the vicinity of
the current binding point. Setting aside considerations of
efficiency, the essential requirement in our model to generate
processive motion is that it should be physically impossible
(or very unfavorable) for both myosin monomers to exist
in a postpowerstroke conformation and both be bound to
actin. Without this condition, both myosin legs would bind,
swing into postpowerstroke conformation and stick forever.
In addition, it is also necessary for each foot to occasionally
slip from tight-binding since, obviously, if tight-binding were
permanent, no motion could result.
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Figure 8: Dwell Times Distributions. X-axis shows number of frames, Y axis shows number of occurrences. Plots (a, c, e) show distributions
for first head of myoV-2IQ, myoV-4IQ and myoV-6IQ simulations and (b, d, f) for the second head of the simulations, respectively. Plots (g,
h, i) show the combined data for both heads. All histogram data is divided in equal bin widths of 50 frames. Red lines are fits of (1) to the
data. See Table 3 for rates obtained from best fits.

Any mechanism to allow the incorporation of very
tight binding into the model would require communication
between the legs on the binding state of their feet (or heads).
In this ratchet-like model, the trailing-leg must release from
the actin (or loosen its grip) when placed under strain by
the powerstroke swing of the leading-leg. Such a mechanism
may indeed exist in the natural system as it can be postulated
that conformational changes induced by strain might lead
to a weakening in the affinity of the trailing leg to bind
ADP. To test this model, we directly encoded communication
between the myosin molecules so that a trailing leg in
postpowerstroke conformation would immediately release
when the leading leg bound. This did not lead to any increase
in the myosin velocity or affect the fall-off incidence and
would suggest that a ratchet mechanism is not necessary for
processive motion. However, our model differs from nature
in having the search for the next binding site as the rate-
limiting step, rather than the release of ADP from the bound
myosin. It may be that if placed under load, stronger binding
would be needed in our model to prevent the detachment
rate from increasing, which in turn might introduce the need
for a ratchet mechanism.

4.2. Leg-Length Variation

4.2.1. Step Size. To examine the role of the leg length in
determining step-size, IQ motifs were subtracted to create
“mutant” myosin V models with shorter neck regions. The
step size distributions of the 2IQ-, 4IQ-, and 6IQ-HMM
showed a linear correlation (Figure 5) between the step
size and neck length, which ranged from x nm (2 IQ) and
y nm (6 IQ). This suggests our model is consistent with
the experimental studies that showed the working stroke of
myosin V is a function of the length of its leg (or lever arm)
and that step size during a processive run is dictated primar-
ily by the length of the leg (or neck) and not solely by the
pseudorepeat of the actin filament [4, 6, 25, 26].

4.2.2. Processivity. In all the simulations for each of the 2,
4, and 6-IQ myosin models, the myosin seldom fell off the
track. This meant that we could not calculate processivity
from the number of steps to dissociation. Instead, the max-
imum distance travelled during the simulations provided
a lower limit as to the processivity of the myosin model.
The 2IQ, 4IQ, and 6IQ myosin models were able to travel
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across 200, 250, and 500 actins, corresponding to 1140 nm,
1425 nm, and 2850 nm, respectively, before termination.
These distances are in the micrometer range, corresponding
to the 2.4 μm mean processive length reported in the
literature for myosin V, or approximately sixty six 36 nm
steps [10]. The differences in maximum distance travelled
prior to termination may appear to correlate with leg length,
but this corresponds only to an arbitrarily different number
of runs around the track. It is likely that the 2IQ-myoV model
could also achieve a similar distance to the 6IQ model.

4.3. Staircase Data and Velocity. The longer-legged models (4
and 6 IQ motifs) moved with an average velocity that was
proportional to their leg-length whereas the average number
of time frames taken by the 2 IQ length simulations was
proportionally greater (Figure 5 (b)). A linear relationship
between leg length and velocity is not necessarily expected
since velocity depends on the amount of time needed to
search for the next binding site. However, this does not offer
any immediate explanation for the slowness of the 2-IQ
model and examination of the molecular motion suggested
that for this model there was a disproportionate amount
of time spent searching in the direction of movement. This
indicates that although the leading foot (or head) is in the
correct region, it has more difficulty forming an attachment.
We suspect that this is due to steric hindrance of the adjacent
leg, perhaps caused by an over simplified model for the hip
joint that becomes exaggerated with the short leg-length.

4.3.1. Dwell Times. The different myoV-nIQ simulations
produced dwell times that appeared correlated to the length
of the lever arm, with myoV-2IQ having the largest dwell
time and myoV-6IQ the smallest. The single study that has
looked at the dwell times for different myosin V IQ mutants
by Sakamoto and colleagues found that their dwell times did
not correlate with neck length in any predictable manner
[26]. They attribute this result to possibly distortion in the
shorter IQ mutants (2IQ and 4IQ) caused by intramolecular
strain as the heads bind at different azimuthal angles, and
loss of such strain in a longer IQ mutant, thus altering the
strain-dependant nucleotide release rates from the wildtype
6IQ myosin V in their study [26]. As there is no explicit link
between strain and nucleotide release in the course grained
myosin V model, one possible explanation for the correlation
of dwell time to arm length in the simulations is that the
longer the arm, the quicker the potential for distortion and
strain buildup in the arm that can in turn disturb the binding
conformation of the myosin to the actin filament making its
release more likely.

In addition to a relative comparison between dwell times
for varying IQ lengths, it is possible to use both the rates
obtained and experimentally derived rates to obtain a rough
estimate of the timescale in our simulations. It should be
noted, however, that dwell times are not an absolute property
of the myosin V motor, but rather vary depending on
the environmental conditions of the system under study.
Differences in whether or not the myosin V under study is
monomeric or dimeric, the amount of external load/forces

applied, if any, and (assay) reagent concentrations all result in
the array of dwell times reported in the literature. To compare
dwell time rates from the coarse grained simulations to
experimentally derived kinetic rates, it is, therefore, impor-
tant to select those from studies/experiments employing a
kinetic model that best resembles our coarse-grained model.

The two crucial parameters in the simplest kinetic
model described in the literature, which coincidentally best
matches our coarse grained actomyosin model, are the
ATP and ADP conditions, as the relative concentrations
available of each nucleotide will alter the kinetic reaction
rates of processive motion. In saturating ATP conditions
(the implicit conditions in our model), ADP release has
been shown to be the rate limiting step in the ATPase cycle,
and the motor predominantly dwells in a state waiting for
ADP to dissociate. The rear head then releases nucleotide
and binds an ATP causing it to dissociate from actin. In
studies/kinetic models where ADP release is rate limiting, the
reaction rate constant has been consistently calculated at 12–
14 sec−1. With the ADP release rate being directly coupled
to dwell time (a slower rate causes longer dwell durations),
it can be conveniently used to convert the virtual time to
an estimate of real time. By calibrating relative to the rate
limiting step using the myoV-6IQ simulation, a single frame
or step would correspond to roughly 1.2 seconds.

4.3.2. Duty Cycle Ratios. Biologically, a high duty ratio is
critical for processive movement because it ensures that at
least one of the two heads of a myosin V molecule is strongly
bound to the actin filament at any given time, thus ensuring
that random thermal forces do not cause it to diffuse away
from the track [27]. For processive motors like myosin V, the
duty ratio must, therefore, be greater than 0.5 at a minimum.
Studies of single-headed recombinant myosin V have shown
that its ATPase cycle has a duty ratio of around 0.7 [18, 28],
with some suggesting duty cycle ratios reaching up to 0.9
[17]. These values are explained by the underlying kinetics,
where ADP release as the rate limiting step (under saturating
ATP conditions) causes the myosin V head to spend the
majority of its steady state cycle strongly bound to actin, and
thus the higher duty cycle. This is in contrast to myosin II,
whose kinetics are distinct from that of myosin V. Specifically,
the rate limiting step in the ATPase cycle of myosin II is either
ATP hydrolysis or Pi release and so the predominant state is
weakly bound or detached from actin.

The duty ratio can be estimated from the ATPase cycle
rate constants determined in solution, if the cycle is fully
characterized by solving the steady-state distributions of all
the actin bound states. Comparing the rate constant for
ADP dissociation from the A.M.ADP state to the overall
kcat for the steady-state ATPase gives a measure of the
proportion of motors in a strongly bound state and hence
the approximate duty ratio [8]. Note that this method is
not generally applicable across all other classes of myosins
where the affinity for actin may differ during an ATPase cycle.
Forgacs and coworkers determine the duty ratio by the flux
into and out of the strongly bound intermediates (kin/(kout +
kin)) which is limited by the rates of hydrolysis, phosphate
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dissociation, ADP dissociation and M-ATP dissociate ion
from actin [17].

Given a duty cycle ratio measured for a single-headed
myosin, then the ratio for the double headed species can
be calculated as 1 − (1− r)2 assuming no interaction of the
heads. In our simulations, the 2IQ, 4IQ, and 6IQ heads
spent an average of 51%, 55%, and 54%, respectively of their
time strongly bound to actin. Using the above formula, this
would predict duty ratios of 0.76, 0.80, and 0.79 for the
myosin homodimer. However, owing to the fact that each
frame recorded weak, strong or off bound state for each head,
the duty cycle ratio for our double-headed myosin could be
calculated directly by summing the frames over which either
head was in a strongly bound state and comparing to the total
frame number in each simulation. Calculated in this way, our
myosin V 2IQ, 4IQ, and 6IQ models gave duty cycle ratios of
0.99, 0.94, and 0.93, respectively.

5. Conclusions

We developed a very coarse-grained model for myosin-V
motion along actin that retains sufficient detail to allow
direct comparison with experimental results, including the
reproduction of different velocities and step sizes with
different leg-lengths. Our results confirmed that a high
duty cycle is a prerequisite for processivity but whether this
obviates the need for a gated mechanism, as suggested by
some studies [29], was not fully resolved by our experiments.
Our attempt to isolate strain in the myosin dimer hip-joint
by allowing dislocation proved to be disruptive and softening
the strain by making the legs more flexible, also affected the
search for the next binding site. However, the observation
that the frequency of occurrence of double-bound states was
the same with both stiff and flexible legs suggests that leg-
strain was not an important component in the generation
of processive behaviour. This conclusion was supported by
explicitly introducing direct communication between the
feet (replicating a ratchet model) where we found that the
small increase in the efficiency that resulted did not lead to
any significant increase in speed.

From a methodological point of view, we have developed
a novel algorithm capable of simulating Brownian dynamics
for large macromolecular systems, amenable to coordinating
across several different levels of resolution simultaneously.
We chose to apply our method to investigate how myosin
V might achieve its processive motion along actin fila-
ments and our model represents the minimum mechanical
requirements necessary to do so. While there have been a
number of mechochemical models published previously in
the literature on the actomyo system, these incorporate both
kinetic and structural parameters using chemical transition
rates reported in experimental studies and structural details
from crystallographic studies to describe the conversion
of free energy into mechanical work. In contrast, our
hierarchic, coarse-grained model uses only structurally based
parameters to describe the actomyosin complex, both as a
static and dynamic system. These parameters are sufficient to
reproduce the degrees of freedom associated with the flexible

connections of myosin and the characteristic processive
motion along the actin filament.
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T-1249 is a peptide that inhibits the fusion of HIV envelope with the target cell membrane. Recent results indicate that T-1249, as in
the case of related inhibitor peptide T-20 (enfuvirtide), interacts with membranes, more extensively in the bilayer liquid disordered
phase than in the liquid ordered state, which could be linked to its effectiveness. Extensive molecular dynamics simulations (100 ns)
were carried out to investigate the interaction between T-1249 and bilayers of 1-palmitoyl-2-oleoyl-phosphatidylcholine (POPC)
and POPC/cholesterol (1 : 1). It was observed that T-1249 interacts to different extents with both membrane systems and that
peptide interaction with the bilayer surface has a local effect on membrane structure. Formation of hydrogen bonding between
certain peptide residues and several acceptor and donor groups in the bilayer molecules was observed. T-1249 showed higher
extent of interaction with bilayers when compared to T-20. This is most notable in POPC/Chol membranes, owing to more
peptide residues acting as H bond donors and acceptors between the peptide and the bilayer lipids, including H-bonds formed
with cholesterol. This behavior is at variance with that of T-20, which forms no H bonds with cholesterol. This higher ability to
interact with membranes is probably correlated with its higher inhibitory efficiency.

1. Introduction

Human immunodeficiency virus type 1 (HIV-1) fusion is
mediated by a set of interactions involving cellular receptors
and viral glycoproteins [1, 2]. Generally, viral attachment
is thought to occur via an interaction between gp120 and
CD4, along with chemokine receptors (such as CCR5 or
CXCR4) that act as viral coreceptors for HIV-1 [3, 4]. Then,
the gp41/gp120 oligomer suffers a conformational change
that allows the fusion peptide sequence, located on the
N terminus of gp41, to insert into the membrane of the
target cell [1, 2]. The gp41 ectodomain forms the fusion-
active state, which is believed to bring the viral and cellular
membranes into closer proximity to facilitate membrane
fusion [1–4].

Several peptides based on the C-region of HIV’s gp41
have been used in clinical trials as possible HIV fusion
inhibitors (FI) (reviewed in [5]). Among these is T-20 (also
known as enfuvirtide). T-20 is a HIV FI approved for clinical
use [6]. It is a 36-amino-acid peptide, homologous to the C-
terminal region of HR2 of HIV-1 gp41 [7–10].

The elucidation of the core structure of gp41 has helped
to understand the inhibitory activity of FI such as T-20 [9].
The peptide sequence (sequence 643–678 of HIV-1LAI [7])
corresponded partially to the CHR region of gp41 and it
would bind to the opposite NHR region, preventing the
formation of the hairpin structure and ultimately, the fusion.
Despite the therapeutic potency of T-20, it has met the
emergence of resistant strains.
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Figure 1: (a) T-1249 aminoacid sequence. (b) POPC structure and atom numbering. (c) Cholesterol structure and atom numbering. (d)
T-1249/POPC final structure snapshot. (e) T-1249/POPC/Chol final structure snapshot. Reprinted with permission from [15]. Copyright
2010 Elsevier.

Similar peptides have been synthesized in order to
achieve fusion inhibition without this setback. T-1249, a 39-
aminoacid FI, composed of sequences derived from HIV-
1, HIV-2, and simian immunodeficiency virus (SIV), is one
such peptide [11]. Initial clinical trials with T-1249 have
shown promising results: it is a more effective FI than T-
20 even with a single daily administration instead of the two
used for T-20 and retains activity against most T-20-resistant
strains [7, 9, 11, 12].

The detailed molecular picture of the inhibitory mecha-
nism promoted by these fusion inhibitors is still incomplete
and differences in the effectiveness of these peptides are
still a matter of debate. Both T-20 and T-1249 showed an
efficient partition to zwitterionic bilayers; however, only T-
1249 is able to interact/adsorb effectively to cholesterol-
rich membranes, which may be the main cause of its
improved efficiency (see [13, 14] for a detailed discussion).
Both fluorescence spectroscopy data [13, 14] and simulation
studies [15, 16] have shown that these peptides have the
capacity to adsorb to/interact with the bilayer surface and
suggest this as, at least, part of its mechanism of action. It was
previously observed that T-1249 adsorbs (with more affinity
than T-20) to the surface of both bilayers, without insertion
in the studied timescale, presenting a helical structure (which
has been related in the literature to increased efficiency in

HIV fusion inhibition) and diffusing in the plane of the
bilayer faster than the bilayer lipids (but slower than T-20)
and retaining some rotational freedom [15].

In this work, we study the interaction of T-1249 with 1-
palmitoyl-2-oleyl-phosphatidylcholine (POPC) and POPC/
cholesterol (Chol) membranes using molecular dynamics
(MD) simulations in the 100 ns time scale. Structure and
behavior of all intervening molecular species are addressed.
Our results mostly agree with the model of Veiga et al. [13]
for the role of lipid bilayers in the mode of action of the
peptide and may explain the relative more effective action
of the peptide against HIV fusion when compared with T-
20 [17], since high affinity to the bilayers implies high local
concentrations of the peptide and thus the bilayer surface is
able to act efficiently as a reservoir for the antifusion peptide.

2. Simulation and Analysis Details

The initial α-helix model of T-1249 (see Figure 1(a) for
primary structure) was built with the Arguslab 4.01 package
[18] at neutral pH (as such, all acid aminoacid residues have a
−1 charge, and all basic aminoacid residues have a +1 charge)
and solvated in a cubic simulation box with SPC water [19],
allowing for a distance between peptide and the box walls
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of 0.5 nm. POPC model molecules (Figure 1(b)) and their
bonded and nonbonded parameters were downloaded from
the Tieleman group web page (http://moose.bio.ucalgary.ca/
index.php?page=Structures and Topologies). Cholesterol
model molecules (Figure 1(c)) and their bonded and
nonbonded parameters were taken from [20] and were
downloaded from the GROMACS web page (http://www
.gromacs.org/index.php?title=Download %26 Installation/
User contributions/Molecule topologies). Initial models of
both membranes (POPC, 126 molecules; and POPC/Chol
(1 : 1), 240 molecules in total; see Figure 1) were built. To
this purpose, one POPC molecule (with mostly stretched
and parallel acyl chains) from the downloaded POPC
bilayer pdb file (together with one Chol molecule in the
case of the T-1249/POPC/Chol system) was replicated to
build custom size model bilayers using GROMACS model
preparation packages [21, 22]. The latter was also used
to perform all simulations. The GROMACS force field
(which is a modified GROMOS87 force field) was used to
describe all the interactions (see the GROMACS manual for
details, ftp://ftp.gromacs.org/pub/manual/manual-3.3.pdf).
Molecular dynamics of these systems, under the same
conditions as the final MD runs (see below), were performed
for at least 50 ns to ensure that the bilayers were equilibrated
prior to the peptide inclusion in the system, losing memory
of their initial structure in the process. Peptide and bilayer
models were then combined, and the final structure
obtained after 100 ns simulation of T-1249 in water was
used as the initial structure of the simulations of the peptide
interacting with the bilayer systems. The Z dimension of
the simulation box was increased for this purpose, and
the peptide molecule was positioned, with the helix’s
axis parallel to the bilayer surface (but with otherwise
random orientation of its residues relative to the bilayer), at
about 2.2–2.4 nm above the average position of the lipid P
atoms of the top leaflet. The number of added SPC water
molecules was sufficient to ensure full peptide and bilayer
hydration in all systems (9602 water molecules added to
the T-1249/POPC system, with average dimensions of 6.4 ×
6.1 × 11.4 nm3, and 7398 water molecules added to the
T-1249/POPC/Chol system, with average dimensions of
6.7 × 6.9 × 9.4 nm3). Systems with no added peptide were
also simulated, and the main structural lipid properties were
successfully verified for validation purposes, as described
below. Prior to the production MD simulation, all systems
underwent a steepest-descent energy minimization of the
structure followed by a small MD run to properly allow
the solvent molecules to adjust/relax around the peptide or
membrane. Extensive MD simulations were then performed
under constant number of particles, pressure (1 bar),
temperature (300 K), and periodic boundary conditions.
Pressure and temperature controls were carried out using
the weak-coupling Berendsen schemes [23], with coupling
times of 1.0 ps and 0.1 ps, respectively. Isotropic pressure
coupling was used for the T-1249 simulation in water and
semi-isotropic pressure coupling was used in all other
simulations. All bonds were constrained to their equilibrium
values using the SETTLE algorithm [24] for water and the
LINCS algorithm [25] for all other bonds. Although our

description of POPC is based on a united-atom model,
both the peptide and cholesterol contain explicit H atoms.
Very fast vibrations involving H atoms require the use of
very small integration time steps, and therefore affect the
efficiency of MD simulations. Constraining bond lengths
allows the use of longer time steps, therefore improving
efficiency [26].

The systems were simulated for 100 ns, with a time step of
2 fs. The long-range electrostatic interactions were calculated
by the particle-mesh Ewald (PME) summation method [27].
A cut-off of 1.0 nm was used for both van der Waals and the
PME direct-space component of electrostatic interactions.
Analyses were carried out, mostly, using the GROMACS
3.3.3 analysis package [21, 22] with the exception of some
membrane thickness calculations that were performed with
the GridMat-MD program [28]. Errors were calculated
according to the block method of Flyvbjerg and Petersen
[29].

3. Results

3.1. Equilibration of the Membrane System. To evaluate
the process of the systems’ equilibration, time profiles of
the surface area/POPC (Figure 2(a)) and surface area/Chol
(Figure 2(b)) were calculated as in [30] (1) and recorded for
the production simulation (100 ns; see section cross-sectional
area per lipid and membrane thickness below for a detailed
analysis of area/molecule values):

APOPC = 2Abox

Vbox −NWVW

×
[
Vbox −NWVW − xNlipidVChol −VT-1249

(1− x)Nlipid

]
,

AChol = 2AboxVChol

Vbox −NWVW −VT-1249
.

(1)

In these equations, APOPC is the cross-sectional area per
POPC molecule, AChol is the cross-sectional area per Chol
molecule, Abox is the area of xy plane of the simulation
box, Vbox is the simulation box total volume, Nw is the
number of water molecules, Vw is the volume of the water
molecule (≈0.030 nm3 at normal temperature and pressure
conditions), x = 0.00 or 0.50 is the Chol mole fraction, Nlipid

is the number of lipid molecules, Vchol is the volume of the
Chol molecule (0.593 nm3) [30], and VT-1249 = 12.245 nm3 is
the volume of the T-1249 molecule, determined from the T-
1249 simulation in water by averaging VT-1249 = Vbox−Nw ×
Vw for the last 25 ns of the simulation.

The surface area per lipid is a slowly converging parame-
ter of MD simulation, but its average value was stable over the
final 80 ns of the simulation, which led us to the conclusion
that the simulated systems had reached a steady state after
20 ns of simulation (Figure 2).

3.2. Peptide General Behavior. In the starting configuration,
T-1249 was placed at approximately 2.2–2.4 nm above the
membrane surface, defined as the average of the z positions
of all POPC P atoms. In all cases T-1249 assumes a helical
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Figure 2: (a) Area per POPC time course. (b) Area per chol time course.

structure preferring the π-helix in all cases as described
earlier [15] and also observed for T-20 [16], suggesting
that this trend may be paramount for function. It was
previously observed, in both membrane systems, that the
the peptide approaches the membrane surface and adsorbs
to it in <20 ns [15]. It was also previously observed that
the peptide’s adsorbed position, in the equilibrium, is
approximately parallel to the membrane surface. In both
simulated systems it assumes a tilt (defined as the time
average of the angle between the vector defined by the 2nd
and 38th Cα and the plane parallel to the membrane surface)
of 2.1◦± 1.5◦ for the T-1249/POPC/Chol bilayer system and
of 8.6◦± 3.1◦ for the T-1249/POPC system [15]. The POPC
bilayer is in the liquid disordered state, with increased free
volume relative to the POPC/Chol liquid ordered membrane.
This is probably why its C-terminus penetrates below the
membrane surface, as described earlier. This does not occur
in the T-1249/POPC/Chol system, where the peptide does
not penetrate the bilayer and assumes an orientation more
parallel to the membrane surface (as also evident from the
tilt angles and in the typical snapshots of Figures 1(d) and
1(e)).

To get further insight on the driving force behind
binding of the peptide to the bilayers, time variations
of both Coulomb and Lennard-Jones peptide/lipid and
peptide/solvent interaction energies are shown in Figure 3.
Inspection of these plots reveals a lag-time of 2–5 ns in
which peptide/lipid interaction energy is essentially zero.
During this period, the peptide is too distant from the
bilayers to be able to interact with them and diffuses in the
water medium. This diffusion eventually leads the peptide
to the regions in the box where the presence of lipid can
be felt. From this point on, both T-1249/POPC Coulomb
and Lennard-Jones interaction energies decrease gradually

and conversely for the solvation energies. In the early
stages of interaction, the two terms have similar magnitude
in both systems. However, from 18–20 ns onwards, the
Coulomb term becomes the largest in absolute terms in both
systems, probably reflecting peptide helix/lipid headgroup
reorientation, with concomitant formation of favorable ionic
and H-bond interactions. For comparison purposes, T-20
interacting with model membranes [16] were revisited and
average interaction energies were calculated for the 100 ns
of each simulation. The same was calculated for the T-
1249 simulations. Interacting with both POPC bilayer and
the POPC/Chol bilayer, T-1249 has lower (more negative)
interaction energies with all the membrane components
(view Table 1 where a summary of T-20 results is compared
with T-1249 results), which suggests a stronger interaction
with the bilayers than observed with T-20 [16]. Regarding the
T-1249/POPC/Chol system, and in contrast with previously
published results on T-20 behavior [16], it is noteworthy
that (i) T-1249/Chol interaction is not negligible and (ii)
the Lennard-Jones energy component of the T-1249-Chol
interaction is higher than the Coulomb component.

3.3. Peptide Interaction with Bilayers: Radial Distribution
Functions (RDF). Radial distribution functions (RDFs) were
calculated between all the T-1249 atoms and all the atoms of
the phosphate (O7, P8, O9, O10, and O11) and choline (C1,
C2, C3, and N4) groups, and, exclusively in the POPC/Chol
bilayer, also the Chol hydroxyl group (O6 and H7) (Figures
4(a) and 4(c)), for the last 25 ns of the simulation time.

The RDFs for the choline group have the highest densities
within each system (higher in the T-1249/POPC system
than in the T-1249/POPC/Chol system in all cases) and the
distribution function with the lowest density is the one of
T-1249 with the Chol’s hydroxyl group, albeit higher than
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Figure 3: Time variations of Coulomb and Lennard-Jones peptide/POPC and peptide/solvent interaction energies, in the POPC (a) and
POPC/Chol (b) systems. (c) Time variations of Coulomb and Lennard-Jones peptide/Chol interaction energies in the T-1249/POPC/Chol
system.

in the T-20 case [16], and with a narrow peak at ≈0.15 nm
inexistent in the T-20 case [16]. Although T-1249/phosphate
RDFs have lower densities than those of the choline (but
still higher in the POPC system than in the POPC/Chol
bilayer), T-1249 appears consistently at a shorter distance
from the phosphate group than all the others (≈0.15 nm).
This distance and the narrowness of its peak suggest a very
specific interaction between certain aminoacid residues of
the peptide and the phosphate group.

For further insight, RDFs between individual aminoacid
residues and the mentioned lipid polar groups were calcu-
lated. Trp04, Gln18, Lys21, Asn22, Lys31, and Trp32 were

found to be the main contributors to the 0.15 nm density
peak in the POPC/Chol system (Figure 4(d)), whereas in the
POPC system the main contributors are Trp01, Trp04, Gln06,
Gln14, Gln19, Gln27, Lys31, and Trp32 (Figure 4(b)). These
aminoacid residues are all capable of acting as an H donor or
acceptor in an H bond and the distance of the interactions is
supportive of such hypothesis.

The fact that the T-1249/choline RDF has a very broad
peak (in both systems) at ∼0.6 nm is probably related to the
interfacial location of the choline moiety and its accessibility
to the solvent and hence to the peptide itself, rather than
to a specific T-1249/choline interaction. Interaction with the
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Table 1: Lennard-Jones and Coulomb interaction energies between the peptides, T-20 and T-1249, and the other system components
(POPC, Chol and Water, depicted as SOL). The results are averaged over all the 100 ns of the simulations so as to encompass all the aspects
of the peptide’s behavior. Percentages of variation, comparing T-20 with T-1249 behavior, are also presented with the T-1249 results.

LJ/KJmol−1 Coulomb/KJmol−1

POPC POPC/Chol POPC POPC/Chol

T-20-POPC −722.48± 57.00 −353.41± 29.60 −959.43± 77.36 −385.64± 42.03

T-20-Chol −14.80± 1.82 −2.12± 0.26

T-20-SOL −389.08± 11.91 −447.01± 8.29 −1970.25± 97.43 −2907.67± 36.50

T-1249-POPC
−885.70± 65.80

(−22.6%)
−614.37± 36.74

(−73.8%)
−989.45± 79.39

(−3.1%)
−746.55± 50.57

(−93.6%)

T-1249-Chol
−16.86± 1.33

(−13.9%)
−4.13± 0.52

(−94.8%)

T-1249-SOL
−351.62± 16.76

(+9.6%)
−429.61± 8.68

(3.9%)
−2611.35± 88.12

(−32.5%)
−2861.01± 61.88

(1.6%)

cholesterol hydroxyl group appears to be stronger than the
corresponding interaction between T-20 and Chol [16]. In
POPC/Cholesterol mixtures, Chol is expected to be protected
from water by the PC headgroup (the so-called umbrella
effect [31]), but even so, T-1249 (unlike T-20) is able, in the
time scale studied, to position at least one aminoacid residue
in a position that allows it to interact with Chol molecules in
such a proximal way.

3.4. Peptide Interaction with Bilayers: H Bonds. Following the
previous section, formation of H-bonds between individual
residues of T-1249 (as well as on the whole) and relevant
groups in the bilayer systems were investigated. For this
analysis, an H bond for a given donor-H-acceptor triad
was registered each time the donor–acceptor distance was
<0.35 nm and the H-donor-acceptor angle was <30◦.

Figure 5 shows the time variation of the number of H-
bonds formed between T-1249 and the POPC molecules and
T-1249 and the water molecules. T-1249 is capable of binding
to both bilayers via H bonds and their number generally
increases with time during the 100 ns of the simulation.
Adsorption gives rise to a steep increase in the number of
H bonds formed between the peptide and the bilayer in
the POPC system for 10 ns < t < 20 ns. The increase in
number of T-1249/POPC H bonds is much more gradual
in the POPC/Chol bilayer. The number of H bonds in
the T-1249/POPC/Chol system is clearly lower than in the
T-1249/POPC system during most of the simulated time,
and this significant difference cannot solely be explained
by the small difference in POPC molecules per leaflet (63
in the POPC bilayer and 60 in the POPC + Chol bilayer).
Also, upon adsorption, the number of H bonds formed
with water molecules decreases significantly. This decrease
even surpasses the number of H bonds formed with the
bilayer. This appears to be caused by the adsorption process
itself, since it occurs simultaneously and stabilizes with it.
Hence the total number of H bonds T-1249 is able to form
decreases by ≈27% in the POPC system and 22% in the
T-1249/POPC/Chol system. The lower ability of T-1249 to
interact via H bonds with the POPC/Chol bilayer is thus
also reflected by a lower influence in the decrease in H bond
formation with the water molecules.

Individual residues were analyzed (last 25 ns of the
simulation) to determine which ones were responsible for
the formation of H bonds with the bilayer (Table 2). T-
1249 interacts via H bonds mainly with the phosphate O
atoms and the carbonyl O16 atom and Chol’s OH in the
POPC/Chol bilayer. Interaction with the other POPC ester
and carbonyl O atoms is negligible. In the POPC bilayer,
the H bond donor residues that contribute to H bond
formation are Trp01, Gln02, Trp04, Gln06, Gln14, Gln18,
Gln19, Gln27, Lys31, Trp32, Trp36 and Trp38, which concurs
with the RDFs results. In the POPC/Chol bilayer, Trp04,
Gln16, Gln18, Lys21, Asn22, Gln27, Lys31, Ser34, Trp36, and
Trp38 contribute to H bonding to POPC, which also agrees
with the RDFs results. Contrary to T-20

′
s behavior, T-1249 is

able to form H bonds with Chol [16]. In both systems, some
of the donors appear in clusters: Trp01-Gln02, Gln18-Gln19,
Lys31-Asn32 in the T-1249/POPC system, and Lys21-Asn22
in the T-1249/POPC/Chol system. This probably stems from
the fact that formation of an H bond between a given residue
and phosphate O atoms contributes in turn to approximate
and/or provide adequate orientation of the neighboring
residues relative to the phosphate group, facilitating their
own involvement in H bond formation. The peptide H-bond
donors and acceptors span most of the peptide helix length in
both systems, thus allowing for an early and almost parallel
adsorption to the bilayers.

3.5. Cross-Sectional Area per Lipid and Membrane Thickness.
The cross-sectional area per lipid (POPC or Chol) was
calculated as reported in [30] with minor modifications to
take into account the volume occupied by the peptide when
present. Briefly, both parameters were calculated according
to (1). The POPC/Chol bilayers, when compared with the
POPC bilayers, showed a lower area per POPC as expected
due to the Chol’s condensing effect [30, 32, 33].

Membrane thickness was determined as the average
of the distance between P atoms of different monolayers
(P-P distance). Membrane thickness values are difficult
to compare to experimental results because a definitive
definition of bilayer thickness is still lacking [33]. Overall
the POPC/Chol bilayers are thicker than the POPC bilayers,
as expected due to the acyl-chain ordering induced by Chol
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Figure 4: Radial distribution functions. (a) RDFs between T-1249 and the phosphate, choline and OH-Chol groups in the T-
1249/POPC/Chol system. (b) RDFs between selected aminoacid residues and POPC’s phosphate groups in the T-1249/POPC system. (c)
RDFs between T-1249 and the phosphate and choline groups in the T-1249/POPC system. (d) RDFs between selected aminoacid residues
and POPC’s phosphate and OH-Chol groups in the T-1249/POPC/Chol system.

[30, 33]. The presence and interaction of the T-1249 peptide
with the model membranes have the same effect in both
cases albeit to different extents: it induces a decrease in the
membrane thickness of about 0.5% to the POPC membrane
and of about 3.8% to the POPC/Chol membrane (Table 3).
Upon adsorption with the POPC or POPC/Chol bilayers, T-
1249 induces a decrease in the area per POPC of about 1.8%
and 3.9%, respectively (Table 3).

Contrary to POPC surface area, the area/Chol molecule
increases approximately 6.7% upon T-1249 adsorption to
the model POPC-Chol membrane (Table 3). This implies
that globally the area of the POPC/Chol bilayer is only
slightly changed (≈0.5% decrease) upon adsorption of the
peptide. The fact that, calculating the average area/POPC
and area/Chol using (1) leads to a decrease in the former,
and an increase in the latter, should be viewed with caution,
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Figure 5: (a) Time course of the number of H bonds formed between T-1249 and POPC molecules in T-1249/POPC system (black),
T-1249 and POPC molecules in the T-1249/POPC/Chol system (red), and T-1249 and chol molecules in the T-1249/POPC/Chol system
(blue). (b) Time course of the number of H bonds formed between T-1249 and solvent molecules in T-1249/POPC system (black) and
T-1249/POPC/Chol system (red). (where TP stands for T-1249/POPC System and TPC stands for T-1249/POPC/Chol system).

Table 2: Average number of H bonds between T-1249 aminoacid residues (or some relevant aminoacid residues) and relevant atoms in the
bilayer structure.

Phosphate O atoms O16 (carbonyl O atom of sn-2 chain) OH Chol

POPC POPC : Chol POPC POPC : Chol POPC : Chol

T-1249 9.62± 0.63 5.60± 1.09 1.63± 0.22 0.75± 0.13 0.86± 0.10

Trp 01 0.44± 0.33 — — —

Gln 02 0.15± 0.29 — — —

Trp 04 1.02± 0.05 0.05± 0.04 — — 0.86± 0.10

Gln 06 1.01± 0.04 — — —

Gln 14 1.01± 0.02 — — —

Gln 16 — 0.02± 0.03 — —

Gln 18 1.01± 0.02 0.87± 0.31 — —

Gln 19 1.00± 0.00 — — —

Lys 21 — 1.02± 0.04 — 0.75± 0.13

Asn 22 — 0.98± 0.04 — —

Gln 27 0.65± 0.17 0.06± 0.13 — —

Lys 31 1.19± 0.15 1.46± 0.66 — —

Trp 32 0.99± 0.07 — — —

Ser 34 — 0.01± 0.03 — —

Trp 36 — 0.94± 0.37 0.81± 0.13 —

Trp 38 0.02± 0.05 0.03± 0.05 0.83± 0.15 —

because as there is a strong Z-dependence between the cross-
sectional areas of PC and cholesterol, the average area per
phospholipid and area per cholesterol in binary mixtures are
in fact poorly defined parameters [32].

The POPC bilayer is a fluid membrane and upon
adsorption, T-1249 semi penetrates the membrane surface

forming a crater-like burrow around itself as clearly shown
in the 2D plot of local bilayer thickness (calculated using
the Gridmat-MD program [28]) shown in Figure 6. This
plot represents a 2D map of the bilayer in which the local
bilayer thickness is represented across the bilayer plane.
Some POPC molecules, the ones directly below the peptide,
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Figure 6: Membrane thickness contour plot of the last configuration in each system; (a) POPC system, (b) T-1249/POPC system, (c)
POPC/Chol system and (d) T-1249/POPC/Chol system. Peptide position is depicted as a black ellipse.

Table 3: Cross-sectional area per lipid in all systems under study
and their respective membrane thickness.

Lipid
Area per

lipid/nm2
Membrane

thickness/nm

POPC POPC 0.645± 0.011 3.82± 0.08

POPC : CHOL
POPC 0.526± 0.003

4.59 ± 0.03
CHOL 0.252± 0.001

T-1249-POPC POPC 0.634± 0.009 3.80± 0.05

T-1249 +
POPC + CHOL

POPC 0.505± 0.002
4.43 ± 0.11

CHOL 0.269± 0.001

are pushed towards the bilayer core (Figure 6). As a result,
this compression creates a concavity in the top leaflet that
ultimately leads to an average decrease in bilayer thickness,
considering the entire bilayer (Table 3). This effect was also
observed in the T-1249/POPC/Chol system but to a lesser
extent (Figure 6), hence the lesser decreases in membrane
thickness upon peptide adsorption.

Profiles of the mass density were calculated for the
molecules present in the bilayer systems in study (averaged
over the last 25 ns of the simulation) along the normal to
the membrane plane as shown in Figure 7. The compression
caused by peptide interaction with the top leaflet, of both
systems, is also visible in the POPC density in this region (but
not in the cholesterol density). The top leaflet, upon which
the peptide adsorbs, consistently has a lower POPC peak
density and a slight POPC profile distortion when compared
with the bilayers without peptide.

3.6. Order Parameters. The order parameter tensor, S, is de-
fined as:

Sab = 1
2
〈3 cos(θa) cos(θb)− δab〉 a, b = x, y, z, (2)

where θa (or θb) is the angle made by ath (or bth) molecular
axis with the bilayer normal and δab is the Kronecker
delta (〈〉 denotes both ensemble and time averaging). In
our simulations using a united atom force field, the order
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Figure 7: Mass density profiles. (a) POPC system, (b) T-1249/POPC system, (c) POPC/Chol system, and (d) T-1249/POPC/Chol system.

parameter for saturated and unsaturated carbons SCD can be
determined using the following relations [34]:

−SSat
CD =

2
3
Sxx +

1
3
Syy ,

−SUnsat
CD = 1

4
Szz +

3
4
Syy +

√
3
2

Sxy.

(3)

−SCD may vary between 0.5 (full order along the bilayer
normal) and −0.25 (full order along the bilayer plane),
whereas −SCD = 0 denotes isotropic orientation. Due to
the slow convergence of this parameter [35], analysis was
restricted to the last 10 ns of the simulations.

−SCD profiles along the sn-1 and sn-2 chains in POPC,
POPC/Chol, T-1249/POPC, and T-1249/POPC/Chol sys-
tems are shown in Figure 8. In the POPC/Chol bilayer, T-
1249 adsorption generally evokes a decrease in −SCD values
in both acyl chain C atoms. In the POPC bilayer the C2-
C4 atoms of the sn-1 acyl chain suffer a slight increase
in −SCD, which can be a result of a more local and intense
interaction between the bilayer and the peptide (which, in
this system, is located deeper within the bilayer interface
and closer to the bilayer hydrophobic core than in the T-
1249/POPC/Chol system), as this effect is not observed in
the POPC/Chol bilayer in which peptide adsorption induces
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Figure 8: −SCD order parameters of sn-1 (a) and sn-2 (b) acyl chains.

chain disordering. Also atoms C9 and C11-C17 suffer an
increase in −SCD. In the POPC/Chol bilayer the general
effect of peptide adsorption, as stated earlier, is a decrease
in −SCD values in both acyl chain C atoms. This effect is more
pronounced in the sn-1 chain and the sn-2 acyl chain’s C2-C7
carbons.

4. Discussion

100 ns molecular dynamics simulations of solvated bilayers
(POPC, in the liquid disordered phase, and POPC/Chol
1 : 1 liquid ordered phase) were performed for comparison
purposes, as stated earlier. Those bilayers were also analyzed
and several parameters where determined both for validation
purposes and comparison with the peptide simulations.
Our results for the cross-sectional area per POPC (Table 3)
agree with the experimental values of 0.65 nm2 (T = 298 K;
Lantzsch et al., [36]), 0.64 nm2 (T = 298 K; Konig et al.,
[37]), and 0.63 nm2 (T = 297 K; Smaby et al., [38]), as well
as with those obtained from MD simulations by Bockmann
et al. [35] (T = 300 K, a = 0.655 nm2), Mukhopadhyay
et al. [39] (T = 298 K, a = 0.62 nm2), Gurtovenko and
Anwar [40] (T = 310 K, a = 0.65 nm2), and Pandit et al.
[41] (T = 303 K, a = 0.63 nm2). Order parameters were
also calculated for both acyl chains of POPC (Figure 8).
The profiles obtained agreed with both experimental (e.g.,
[42, 43]) and simulated (e.g., [35, 40, 44]) data. Calculated
lateral lipid diffusion coefficients (not shown) agreed with
values obtained both from NMR experiments [45, 46] and
MD simulations [35]. Together, these findings validate our
bilayer model systems for the study of interaction with T-
1249. It has been proposed recently that a better description
of the cis-double bond in unsaturated acyl chains may be
achieved by a parameterization that accommodates skew
states [47, 48], which is absent in our model. Although its

inclusion could potentially lead to a slightly more accurate
description of the lipid bilayer systems (e.g., slightly lower
order parameters for the POPC/Chol bilayer), because our
main focus lies on the relative peptide effect on the bilayers
and not the absolute properties of the bilayers themselves, the
absence of these forcefield improvements does not hamper
our discussion and conclusions.

This and previous studies [15] show that HIV fusion
inhibitor peptide T-1249 interacts with POPC (liquid dis-
ordered phase) and POPC/Chol 1 : 1 (liquid ordered phase)
bilayers to a higher extent than T-20 [15, 16]. This was
verified experimentally by Veiga et al. [13, 14]. These authors
measured the variation of peptide fluorescence intensity
(from the five Trp residues) and determined a lipid/water
partition coefficient of Kp = (5.1 ± 0.7) × 103 in POPC,
using a formalism of distribution between aqueous and lipid
phases (valid assuming peptide insertion in the bilayer; see
below for discussion of the latter hypothesis), significantly
higher than that of T-20 in the same system ((1.6 ± 0.1) ×
103). Veiga et al. verified significant adsorption of T-1249
to chol rich membranes/domains with Ka = 3.1 × 103 and
Ka = 4.6 × 103 for 18% and 25% chol, respectively, in
POPC/Chol membranes, indicating a strong enough interac-
tion with lipid membranes for those authors to hypothesize
an important role of membranes in T-1249 mode of action.
These authors discuss the importance of binding to ordered
POPC-Chol bilayers as possibly correlating to the increased
efficiency of T-1249 relative to other inhibitors such as T-
20. The present work supports those observations since
no membrane penetration was observed, in the studied
time scale, but adsorption of the peptide was observed
in approximately the same time scale in which it occurs
in POPC liquid crystalline bilayers. This behavior differs
significantly from that of T-20 interacting with POPC/Chol
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membranes, in which interaction was much weaker and
delayed [16]. However, no effective peptide insertion is
observed in the timescale of our simulations, and the peptide
stays adsorbed at the interface, in this behaving in a similar
way to T-20 [16].

The absence of peptide insertion in our observations does
not necessarily mean that the partition treatment of Veiga et
al. and their model of the involvement of lipid membranes
in the peptide fusion inhibitor’s mode of action, both of
which assume peptide insertion in Chol-free bilayers, are
incorrect, because peptide insertion cannot be ruled out for
larger timescales, inaccessible to MD simulations. It could be
argued that peptide insertion from a predominantly helical
initial structure such as in our model could be more difficult
than insertion from a mainly random conformation such as
reported for T-1249 by Veiga et al. from circular dichroism
(CD) measurements [13]. However, it should be noted
that recovery of secondary structure from CD data is an
inverse problem (ill-poised by nature), and most algorithms
used for this effect only differentiate three general types
of secondary structure. Our determination of a majority
helical conformation both in solution and in interaction with
bilayers [15] is not subject to this restriction. In our study, we
considered the protonation states of each aminoacid residue
as expected for neutral pH, yielding a global peptide charge
of −4 [13]. One cannot rule out that, for other pH values
and protonation states, eventual differences in secondary
structure would allow for more rapid bilayer insertion.

As observed for T-20, our simulations of T-1249 inter-
acting with model membranes show that peptide adsorption
is clearly related to the formation of H bonds between some
peptide residues and mainly, but not exclusively, the POPC
phosphate O atoms. The fact that a stronger interaction is
observed for T-1249 in both systems correlates with the larger
average number of such H bonds in this system, with T-1249
(T-1249 is able to establish an average of more 15.3% and
26.5% H bonds with the POPC and POPC/Chol bilayers,
respectively, than T-20 forms [16]). This increase, namely in
the interaction between T-1249 and the POPC/Chol bilayer,
does not appear to be due to a single aminoacid but to a wide
set of aminoacid residues, (wider than in the T-20 case [15])
spread more evenly throughout the length of the peptide,
and thus promoting a more stable adsorption/interaction of
the peptide with the bilayer. The higher number of H bonds
that T-1249 forms with both bilayers also correlates with the
slower dynamics it assumes, as reported earlier [15, 16].

5. Concluding Remarks

In summary, despite the obvious limitations concerning the
sampling timescale (which precluded the study of slower
interaction processes, such as eventual peptide insertion)
and simulation of a single peptide molecule (with obvious
consequences in terms of statistics; a possible way to
circumvent this would be averaging over a number of shorter
simulations with different initial structures), our simulations
provide detailed insight on the nature of the interaction of
T-1249 with model membranes, indicating that the peptide
adsorbs (with more affinity than T-20) to the surface of both

POPC and POPC/Chol 1 : 1 bilayers (less strongly in the
latter case but still much more strongly than observed for
T-20 in the same system), without insertion in the studied
timescale. T-1249 is able to establish H bonds with both
POPC and Chol, and although the number of H bonds is
higher in the pure POPC system, as in the case with T-
20 [16], T-1249 is able to establish more H bonds with
the POPC/Chol bilayer than T-20, including H bonds with
Chol, which were not observed in the T-20 case. This could
explain the peptide’s higher affinity to this bilayer system.
These observations mostly agree with the model of Veiga
et al. [13] for the role of lipid bilayers in the mode of
action of the peptide and may explain the relative higher
efficiency of the peptide against HIV fusion when compared
with other similar, first generation peptides [13–16] since
high affinity to the bilayers implies high local concentrations
of the peptide, and the bilayer surface is thus able to act
efficiently as a reservoir for the antifusion peptide.

While the present work is useful in its characterization
of the main determinants of T-1249-bilayer interaction, in
order to obtain a more thorough description of the energy
barriers involved, calculations of the free energy profile of
the peptide across the membrane systems are needed. Due
to the high computation effort involved, these calculations
could not be carried out at this stage. However, additional
simulation work to that effect is currently being devised at
our laboratory.
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Water molecules play a crucial role in mediating the interaction between a ligand and a macromolecule. The solvent environment
around such biomolecule controls their structure and plays important role in protein-ligand interactions. An understanding of the
nature and role of these water molecules in the active site of a protein could greatly increase the efficiency of rational drug design
approaches. We have performed the comparative crystal structure analysis of aldose reductase to understand the role of crystal
water in protein-ligand interaction. Molecular dynamics simulation has shown the versatile nature of water molecules in bridge
H bonding during interaction. Occupancy and life time of water molecules depend on the type of cocrystallized ligand present in
the structure. The information may be useful in rational approach to customize the ligand, and thereby longer occupancy and life
time for bridge H-bonding.

1. Introduction

Diabetes is a debilitating disease leading to severe compli-
cations and a shortened life expectancy. Diabetes-specific
microvascular disease leads to blindness, renal failure
and nerve damage, and diabetes-accelerated atherosclerosis
which increase risk of myocardial infarction, stroke, and
limb amputation [1]. The insulin therapy for tissues that
do not require insulin does not prevent complications such
as neuropathy, retinopathy, nephropathy, and cataracts [2].
Large prospective clinical studies show a strong relationship
between glycaemia and diabetic microvascular complications
in both type 1 and type 2 diabetes [3]. Hyperglycaemia and
insulin resistance are suggested to play important roles in the
pathogenesis of macrovascular complications [4].

Aldose reductase 2 (ALR2, alditol: NAD(P) 1-oxidor-
eductase, EC 1.1.1.21) is the first enzyme in the polyol
pathway that catalyses the NADPH-dependent reduction of
D glucose to D sorbitol [5]. It is a cytosolic, monomeric
oxidoreductase that catalyses the NADPH-dependent reduc-
tion of wide variety of carbonyl compounds including

glucose [6]. Under diabetic hyperglycaemia, excess glucose is
metabolized by the polyol pathway (Figure 1). This pathway
comprised of two enzymes, namely, ALR2 which reduces
excess D-glucose into D-sorbitol, and sorbitol dehydrogenase
which converts sorbitol to fructose. Diabetic complications
have been linked to excessive accumulation of sorbitol, and
targeting the polyol pathway by inhibiting ALR2 offers an
option for treatment [7].

In normal physiological conditions, ALR2 is involved in
osmoregulation while under hyperglycaemic conditions it
contributes to the onset and development of severe compli-
cations in diabetes [8]. The elevated glucose level enhances
the activity of ALR2 by directly increasing the glucose flux
through this pathway and indirectly by forming reactive oxy-
gen species (ROS), which activates ALR2 [9]. The increased
activity of ALR2 results in decreased NADPH/NADP+ ratio,
and it affects other NADPH-dependent enzymes, such as
nitric oxide (NO) synthase and glutathione reductase [10].
The reduction of NO level leads to decreases nerve conduc-
tion and microvascular derangement. The retarded activity
of the antioxidative enzyme glutathione reductase causes
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Figure 1: Hyperglycemia pathway.

oxidative stress under diabetic conditions [11]. Inhibiting
ALR2 would provide a way of avoiding diabetic complica-
tions, and, therefore, identifying inhibitors is an important
pharmaceutical goal.

Epalrestat is the only inhibitor of aldose reductase that
is successfully marketed in Japan for treatment of diabetic
neuropathy. Many promising compounds from different in
vitro and in vivo studies have failed to proceed beyond
clinical trials. The lack of efficacy or adverse effects as a
result of less-specific inhibitor, and a likely inhibition of the
related aldehyde reductases are the major bottlenecks in the
development of ALR2 inhibitors. The knowledge of catalytic
mechanism and available structures information of current
inhibitors coupled with ALR2 can help in accelerating the
discovery or designing of specific inhibitors. A limited
number of currently available drugs for the treatment of
diabetic complications only suggests the importance of
research for new ALRIs [12].

ALR2 is a monomer (35.8 kDa), encoded by a single
gene located on chromosome region 7q35.ALR2, made up
of a single polypeptide chain with 315 residues. The crystal
is a single domain structure folded into an eight-stranded
parallel α/β motif. The substrate-binding site is located in a
cleft at the carboxy terminal end of the β-barrel and involves

loop residues. The large and highly hydrophobic active site
is located at the carboxy terminus of (β/α)8 barrel. To date,
there are 95 crystals of ALR2 deposited in Protein Data
Bank [13]. The ligand-binding site is a large, deep, elliptical
pocket with the nicotinamide ring of NADPH cofactor lying
at the base. The enzyme has anion-binding pocket and
specificity pocket (Figure 2). The anion-binding pocket has
Tyr 48, His110, Trp111, Trp 20, Phe122, and Trp 219 while
the specificity pocket is lined by residues Trp111, Thr113,
Phe122, Ala 299, and Leu 300.

We present here molecular dynamics simulation study on
the crystal structure of ALR2 enzyme. Moreover, the goal
of our study is to evaluate the importance of the crystal
water molecule in the active site of the ALR2. These water
molecules mediate the hydrogen bond and help ALRIs to
bind at the active site.

2. Materials and Methods

2.1. Comparative ALR Crystal Structure Analysis. The 87
crystal structures of human ALR were obtained from the
Protein Data Bank (PDB) [13]. The crystals were aligned
by “Align by homology” program in Biopolymer module
in Sybyl7.1, taking the apoenzyme (PDB id: 1ADS) as the
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Figure 2: Schematic drawing of ALR2 binding pocket.

reference structure [14]. The crystals were analyzed for the
presence of ordered/conserved water molecules in the active
site using PyMol [15].

2.2. Preparation of Input Files for MD Simulation. Among
all available crystal structures of human ALR2, five crystal
structures having different ligand (PDB id: 1T40, 1Z89,
2FZ8, 3H4G, and 3G5E) were selected to understand the role
of water molecules in the binding of ligands with human
ALR2 [13]. Coordinates of crystal structures were taken from
the PDB. Missing residues were added, and mutated residues
were corrected to wild-type residues using Schrodinger
maestro package [16]. Missing hydrogen atoms of ligands and
cofactors were added using Schrodinger maestro package.
AM1-BCC charges were used for the ligands as well as
cofactor NADPH, calculated using Antechamber program.
Parameters for the ligands were generated using the general
amber force field (GAFF) and Antechamber module of
AMBER while ff99SB force field was used for protein.
Missing hydrogen atoms of the protein structures were added
using LeaP module of AMBER. Amino acids were kept
in their default ionization states. Crystal water molecules
were kept as such while preparing the system. Complex

was solvated using orthorhombic TIP3P water box, distance
between the edge of the box, and periphery of the protein is 8
Angstrom [17]. Solvated systems were neutralized by adding
required number of counter ions. A two-stage approach
was adopted for minimizing the protein. In the first stage,
the protein, ligand, and cofactor were kept fixed with weak
restraint (10 kcal/mol-Å2), and only solvent was allowed to
minimized. Then, in the second stage, the entire system
was minimized. Initially, minimization of 1000 steps of
steepest descent was carried out and this was followed
by another 500 steps of conjugate gradient minimization.
Thereafter, minimizing solvent, the entire system consisting
water, protein, and ligand cofactor was minimized for 2500
steps without restraint.

After minimization process, the system was heated from
0 to 300 K. In order to avoid any instability during the
MD production run, an initial MD run were carried out in
NPT ensemble (pressure = 1 bar, temperature = 300 Kel) to
equilibrate the system for 20 ps with weak restraints on the
solute. Production run were carried out for 5 ns time, using
NVT ensemble and Langevin dynamics used to control the
temperature through a collision frequency of 1.0 ps−1 [18].
Step size was kept 2 fs for the throughout simulations. A
SHAKE algorithm was applied to constrain bonds involving
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Table 1: Table showing PDB ID of complexes and their inhibitors and water molecules in the active site.

PDB ID Ligand Ligand atom ID Water molecule ID

1AZ1 Alrestatin O21 HOH669

1PWL Minalrestat O HOH2323

1PWM Fidarestat
F17
N21

HOH1654
HOH1552 & 1774

1IEI Zenarestat O34 HOH477

1T40 IDD552 O16 HOH738

1T41 IDD552 O16 HOH5004

1Z89 Sulfonyl pyridazinone O18 HOH1147

1Z8A Sulfonyl pyridazinone O18 HOH1179 & 1268

2ACQ G6P G6P317 HOH460

2ACU CIT CIT317 HOH319

2FZ8 Zopolrestat O1 HOH1082

2FZD Tolrestat
S1
F3

HOH355 & 389
HOH487

2PD5 Zopolrestat O1 HOH748

2PD9 Fidarestat N21 HOH624&816

2PDF Zopolrestat O1 HOH815

2PDI Zopolrestat O1 HOH736 & 687

2PDM Zopolrestat O1 HOH782

2PDW Fidarestat N21 HOH 750 & 615

2PDX Zopolrestat O1 HOH 691

2PDY Fidarestat N21 HOH 617

3H4G Fidarestat N21 HOH 2275

3G5E Q74 N24 HOH 698

hydrogen atoms [19]. The van der Waals cutoff was kept
8 angstrom and long range electrostatic interactions were
treated using the Particle Mesh Ewald (PME) method. Co-
ordinates were saved after each 1000 step, which were finally
used for analysis.

All simulations were carried out using SANDER program
of AMBER10 package. Analysis was performed using VMD
and Ptraj module of Amber tools [20]. Additionally, Chimera
and Pymol were used for molecular visualization [21].

2.3. MM-PB (GB) SA Calculations. MMPBSA calculations
were performed on 5 complexes: 1T4O, 1Z89, 2FZ8, 3H4G
and 3G5E. The interaction energy and salvation-free energy
for the complex, receptor, and ligand were calculated with the
help of the snapshots extracted at each 10 ps from the 1.5 ns
to 5 ns run. The average of the results was calculated to get
an estimate of the binding free energy. The binding energy
calculation was carried out with MM PBSA and MM GBSA
method for the sake of comparison. Additionally, binding
energies were also estimated by MM-PBSA program of Prime
module of Schrodinger maestro package.

3. Results and Discussion

3.1. Comparative Crystal Structure Analysis of ALR2 Com-
plexes. All the 87 crystal structures of human ALR2 were
aligned by “Align by homology” program in Biopolymer

module in Sybyl7.1, taking the apoenzyme, 1ADS as a ref-
erence structure. This module aligns proteins on the basis of
their sequence similarity. The tailor variables control the gap
penalty, the number of jumbles, and similarity matrix used.
The sequences were compared by superimposing the Cα,
backbone, side chain, and all atoms. The crystal structures
having a RMSD value greater than 0.5 Å were rejected. The
selected 28 crystal structures were analyzed using Accelrys
Discovery Studio 2.0 [22] and Pymol to visualize and identify
atoms participating in the ligand binding including the water
molecules in the active site. After analyzing the atoms, 23
crystal structures were found to have water molecules in the
active site which showed hydrogen bond interactions.

The criterion in selecting the hydrogen bonds was the

bond length that should not be greater than 3 ´̊A. The active
site was observed to have more number of bridging water
molecules within the anionic pocket of NADPH rather than
the ligand (Table 1). We assumed that the phosphate groups
present in the NADPH are responsible for it. The ligands
were found to interact with at least one water molecule in
the active site. The water molecules are said to be bridging if
they simultaneously make hydrogen bonds with both ligand
and amino acid residues.

3.2. Analysis of Ligand-Binding Site. The crystal structures,
1T40, 1Z89, 2FZ8, 3H4G, and 3G5E, were selected for further
studies. The active sites were analyzed around 5 Å region
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Figure 3: Water molecule interacting with ligand in crystal structure (a) 2FZ8 and (b) 3H4G. The ligand and the amino acid residues in the
active site are represented in stick. The yellow broken line represents the hydrogen bond between the ligand and the active site residues.

of ligand to identify the number of water molecules and
hydrogen bond interactions with corresponding ligand. It
was noted that most of the structures have at least one
water molecule in the active site which shows hydrogen
bond interactions with the ligand. In Figure 3, the ligands
of 2FZ8 and 3H4G make a hydrogen bond with the water
molecule at the active site. All the ligands, except in 1Z89,
displaced the 9 ordered water molecules in the active site
of the apoenzyme, whereas the ligand in 1Z89 displaced 6
water molecules. These differences can be attributed to the
size and conformation of the ligand in the active site. The 5
complexes, upon superimposing on the apoenzyme, showed
their ligands, displacing the 6 ordered water molecules in
the active site of the apoenzyme. The size of the ligand
from 3H4G is exactly equal to the size occupied by the 6
ordered water molecules in the apoenzyme; whereas, the
other ligands have an extended conformation in both the
anionic and specificity site.

3.3. Binding Free Energy Calculations. Explicit solvent MD
simulations were carried out for all complexes under study.
The absolute binding free energy of the complex formation
was estimated from energetic and entropic contributions,
and calculated for snapshots extracted from the trajectories.
The snapshots of the unbound proteins and complexes were
taken from molecular dynamics (MD) and were further
processed for 2 ns using periodic boundary conditions. The
snapshots of the unbound molecules were extracted only
from the trajectory of the solvated complex. A total of 1000
snapshots were extracted from the 2 ns trajectory, with 200
snapshots for each of the solvated complex.

Solvation free energies were computed as the sum
of polar and nonpolar contribution, using a continuum
representation of the solvent. The polar contribution was
calculated by solving the Poisson equation. The nonpolar

contribution to the solvation free energy due to cavity
formation and van der Waals interactions, between the solute
and the solvent, was estimated by a solvent-accessible surface
area. The total binding energy was negative in all the com-
plexes, and it signifies a favorable protein-ligand complexes.
The results for the binding free energy after performing
simulation for 2 ns are shown in Table 2. Although the result
shows zopolrestat, the second potent ligand (2FZ8) has the
highest binding affinity, while sulfonyl pyridazinone (1Z89)
has the lowest binding affinity. The inhibitors have maximum
potency difference of 2.8 between most and least potent
ligand at scale of pIC50. It indicates coinciding nature of
biological activity which merely expected to be demarcated
by correlation with predicted binding free energy due to lack
of wide range.

The electrostatic contribution to solvation free energy in
the 5 complexes is shown in Table 3. TheΔGele andΔGvdW are
electrostatic (ELE) and van der Waals (VDW) contribution,
calculated by the MM force field respectively. The ΔGele-int

is the internal energy (INT) arising from bond, angle, and
dihedral terms in the MM force field. The sum of ELE,
VDW, and INT is known as total gas phase energy. The
ΔGnon-polar is the non-polar contribution to the solvation
free energy calculated by an empirical model while ΔGele-MM,
is sum of the electrostatic solvation free energy and MM
electrostatic energy. 1Z89 makes the highest contribution to
the solvation free energy while 3G5E makes the lowest. The
nonpolar contributions to the solvation are similar in all the
five complexes. Electrostatic component of the solvation free
energy was calculated by GB model. Polar contributions to
the solvation free energy were computed by applying linear
PB model and an extension to the GB model. It disfavors
binding of the protein ligand complexes in ALR2. PB and GB
calculations give very similar results in that respect.

Moreover, the ΔGbind calculated for the ALR2 crystal
structure with and without crystal molecules was found
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Table 2: IC50 and calculated binding free energy for ALR2 crystal structure complexes.

S.No. PDB ID Structure IC50(μM) ΔGbind

1 1T40

O

HO

O

O

HNS

N

F

F

F

F

0.0110 −33.88

2 1Z89

N NH

OS

O

OO

Cl

0.0010 −22.24

3 2FZ8
N

N

O

OH

S

N

F

F

F

O

0.0031 −35.22

4 3H4G

O

HN

NH

O

O
F

O

NH2

0.5700 −31.02

5 3G5E

O

HO

NN

S

N

F

F

F
0.0050 −29.17

reasonable. The binding energy of the ALR2 complexes
without crystal water was observed low by 3–7 kcal/mol as
compared to complexes with water. It clearly indicated that
crystal water molecules helped in making strong and stable
protein-ligand complexes (Table 3).

3.4. Molecular Dynamics Simulation with Crystallized Water
Molecules. Explicit simulations were carried out for the

crystal structures—1Z89, 2FZ8 and 3H4G (Figure 4). The
crystallized water molecules were retained in this simulation.
The notion of crystal waters is tricky in MD simulation
since water is highly mobile and therefore, they exchange
rapidly. Even at tight interfaces, such as a protein-nucleic acid
interface, the lifetimes of bound water are on the nanosecond
time scale. Hence, the waters in the solvation shell around the
ligand were calculated after processing of the trajectories with
ptraj module of AMBER. The output for this functionality
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Table 3: Thermodynamics of binding for the 5 complexes of ALR2 calculated using MM-PBSA.

PDB ID ΔGele ΔGvdW ΔGele-int ΔGnon-polar ΔGele-MM
ΔGbind

∗ Gbind
∗

(With water) (Without water)

1T40 5.97 −48.31 14.96 −5.67 20.93 −25.24 −21.29

1Z89 −6.92 −44.85 36.83 −4.94 29.91 −53.71 −49.73

2FZ8 5.66 −51.96 21.49 −6.07 27.16 −18.77 −16.23

3H4G 11.81 −45.37 17.53 −5.69 29.34 −44.16 −36.60

3G5E 22.7 −46.89 4.79 −5.44 27.49 −17.55 −14.22
∗Estimated by MM-GBSA program of Prime module implemented in Schrodinger maestro package.

(a) (b)

Figure 4: Water molecules present in the apoenzyme (red dot) displaced by the ligand in crystal structure (green dot) (a) 2FZ8 and (b)
3H4G. The ligand in the active site is represented in stick.

contains number of waters in the first shell and second
shell. The first solvation shell represents a distance of 3.4 Å
from the solute, that is, ligand of interest while the second
solvation shell represents a distance of 5 Å from the center of
mass of the ligand. The analysis is presented separately for
each complex.

3.4.1. Analysis for the Complex 1Z89. 1Z89 is a human ALR2,
coupled with novel sulfonyl-pyridazinone (62P), having a
resolution of 0.95 Å. The pyridazinone group of the inhibitor
occupies the catalytic site, whereas the chlorobenzofuran
moiety penetrates the open specificity pocket. The pyridazi-
none exhibits a binding affinity similar to that of tolrestat
and sorbinil, showing slightly reduced affinity compared to
IDD594. The 62P displaces the 6 ordered water molecules
which are present in the apoenzyme 1ADS, whereas other
ligands replaced 9 water molecules in the apoenzyme. From
the analysis of the crystal, it was observed that O18 of the
ligand made hydrogen bond interactions with HOH1147.
The other hydrogen bond interactions were observed for
O7 with OH of Tyr48, and NE2 of His110 and N4 with
NE1 of Trp111. As the simulation progressed the positions
of water molecules fluctuated as indicated by graph from
Figure 5(a). The graph shows the movement of water
molecules within the first and second solvation shell

throughout the simulation. The water molecule is stable for
the location of the oxygen atom, but it tumbles freely with
the hydrogen atoms jumping between several positions of the
hydrogen bond network. The plot for the number of water
molecules fluctuating throughout the simulation during the
explicit 5 ns is shown in Figure 5(a).

The number of water molecules in the first solvation
shell was found to be 1 on an average throughout the
5 ns simulation. However, in the second solvation shell,
there were 3 water molecules on an average. To understand
the water association, visual analysis of the areas of high
occupancy or search, a specific water interaction is useful
(Table 4). The occupancy is defined as the percentage over
the whole trajectory in which both the distance and the angle
criteria are satisfied.

A grid of 100 angstroms was generated around the solute.
The structure was fitted to a common reference frame, by
RMS fit to the first frame, to all the solute molecules in the
protein. If the molecule is tumbling in space that fixed water
will move with the molecule but the grid does not, it is fixed
at the first frames location. If the water in question is in the
same position with respect to the biomolecule, then the water
molecules will move with the side chain. Since the grid did
not move, the density can be smeared across multiple grid
elements. This will give an idea of the probable involvement
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Figure 5: (a) Number of water molecules fluctuating in the solvation shell of 62P during 5 ns simulation and (b) ligand 62P interacting with
HOH1147.

Table 4: Hydrogen bonds data showing occupancy with distance
cutoff of 5 Å along the MD simulations for 1Z89.

Donor H-X
Acceptor
atom of water

1Z89

Occupancy
(%)

Distance (Å)

62P@O18 8106@O 16.50 3.517

62P@S8 8106@O 14.50 3.753

62P@O19 8106@O 14.00 3.723

62P@N4 8106@O 11.50 3.986

62P@C3 8106@O 11.00 3.730

of water molecules in the active site of the protein as the
simulation progresses.

The hydration site was constructed from the water den-
sity by using the coordinate system local to each hydration
site. The water structure is broken down into hydration sites
constructed from water density from the protein surface.
This gives the structural and dynamic properties of the water
molecules from the explicit simulations. Properties studied
include site occupancy, number of neighboring waters and
hydrogen bonds. The occupancy of water around the ligand
sulfonyl pyridazinone is analyzed by Chimera. From the
density map, it was observed that the density is concentrated
around O18 and O7 of the ligand, which in the native crystal
was making a hydrogen bond with the water molecule.

It is shown in the surface representation of the protein
that ligand is making a hydrogen bond with a water molecule,
HOH 1147 (Figure 5(b)). In this simulation, the crystal
waters were removed, but the water density around the ligand
shows the positions of the water molecule being retained,
that is, they were occupied by the water molecules which were
added explicitly. The density was at the same position where
the ligand was making a bond with the water molecule, and
the same pattern was observed in the remaining complexes

also. This shows that positions of the water molecules are
conserved in all the complexes belonging to this family.

3.4.2. Analysis for the Complex 2FZ8. The bound zopolrestat
occupies almost the entire active site pocket at the C-terminal
end of the β barrel. The inhibitor makes an unusually
large number of contacts with the active site. It made a
total of 132 contacts within ≤4 Å, 110 with 15 residues, 13
with the nicotinamide moiety of the coenzyme, and 9 with
four ordered water molecules coenzyme. This contributes
favorable entropic effect to the tight binding of the inhibitor.
From our analysis, we found out that the ligand displaces 9
water molecules present in the apoenzyme. The O1 of the
ligand makes a hydrogen bond with HOH1082. The other
water molecules were also present in the active site, but they
did not make any interactions with the ligand. The other
hydrogen bond interactions were made between O3 of the
ligand with OH of Tyr 48, and NE2 of His110; O2 of ZST
with NE1 of Trp111, and N3 with N of Leu300.

The neighboring water molecules in the active site were
studied. The number of waters in the first solvation shell,
around the ligand in 2FZ8, was 6 throughout the simulation,
whereas, in the second solvation shell it was 13 on an average.
The number of water molecules in the first and second
solvation shell, is plotted as the number of water molecules
against the number of frames in the graph (Figure 6).

The occupancy of water oxygen atom with the ligand
throughout 5 ns simulation per frame is shown in Table 5.
The highest occupancy was approximately 53% for 2FZ8
in different frames during the simulation, and it gradually
reduced to 15% as the simulation progressed.

3.4.3. Analysis for the Complex 3H4G. 3H4G is an ALR
crystal structure with Fidarestat (FID), which was shown to
have implications in inhibitor binding and selectivity. The
ligand displaces 9 water molecules in the active site of the
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Figure 6: (a) Number of water molecules fluctuating in the solvation shell of ZST during 5 ns simulation, and (b) ligand ZST interacting
with HOH1082.

Table 5: Hydrogen bonds data showing occupancy with a distance
cutoff of 5 Å for 2FZ8 during the MD simulations.

Donor H-X
Acceptor atom
of Water

2FZ8

Occupancy
(%)

Distance (Å)

ZST@C9 328@O 53.55 3.730

ZST@N3 328@O 49.73 4.378

ZST@C10 328@O 46.45 4.435

ZST@N1 328@O 36.09 4.614

ZST@O1 328@O 15.00 4.747

apoenzyme. A bridging water molecule HOH2275 is present
between the ligand and the protein, making hydrogen bond
interactions with N21, O10 of FID, and HOH 2015. The O6I
of FID makes a hydrogen bond with NE1 of Trp114. Also,
O10 of FID makes a hydrogen bond with HOH 2196, and O3
of the ligand with OH of Tyr 50.

The extent of solvent exposure for each site is measured
by the average number of neighboring waters within the cut-
off distance 3.5 Å and 5 Å, of all waters that exist in the ligand
active site, as shown in the graph (Figure 7). The number
of water molecules in the first solvation shell around the
ligand in 3H4G was 3 throughout the simulation, whereas it
was 6 at an average in the second solvation shell. Figure 6(b)
shows a picture of the protein surface, and the ligand in stick
representation, interacting with water molecules displayed as
red spheres. Here, the ligand is interacting with more than
one water molecule in the active site.

Table 6 shows the occupancy of water oxygen atoms
with the ligand throughout the simulation for different
frames. The occupancy and the hydrogen bond distances
were monitored throughout the simulation. Initially, the
highest occupancy was 98%, and it got reduced to 89% as
the simulation progressed. The occupancy of water in this
protein was the highest when compared to other proteins in
this study, and this also confirmed the sharp hydration sites.

Table 6: Hydrogen bonds data showing occupancy with a distance
cutoff of 5 Å in the MD simulations for 3H4G.

Donor H-X
Acceptor
atom of water

3H4G

Occupancy
(%)

Distance (Å)

FID@C9 346@O 98.82 3.683

FID@O10 346@O 97.55 3.765

FID@C11 346@O 95.27 4.047

FID@C19 346@O 91.91 4.299

FID@O6I 346@O 89.64 3.423

Concurrently, decreasing numbers of water molecules
are observed in both the hydration shell (Figures 5(a), 6(a),
and 7(a)). Although the active site of the ALR2 is highly
hydrophobic, and water molecules are observed present at
the opening of the active site cavity, the region included
in the hydration shell. The water molecules are randomly
moved away with progress of simulation while the average
number of solvent water molecules remained similar to water
molecules present in the crystal structures. The bridge H-
bonding interaction is believed to keep these water molecules
in the highly perturb site. Moreover, no severe structural
changes are observed as the average backbone root mean
square deviation (RMSD) is found <0.72 Å and <0.89 Å for
active site residues (5 Å regions around cocrystal ligand) and
whole protein respectively (Figure 8).

4. Conclusions

The traditional approaches for absolute free energy esti-
mation in the MM-PB(GB)SA approach, no “nonphysical”
annihilation or decoupling of the ligand in solution and
bound to its receptor is necessary, nor need one simulate
the partially unbound states that would be required for a
potential of mean force estimate using umbrella sampling.
Hence, binding free energy calculations with MM-PB(GB)SA
use physical states at both end points of the binding reaction
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Figure 7: (a) Number of water molecules fluctuating in the solvation shell of FID during 5 ns simulation and, (b) ligand FID interacts with
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Figure 8: RMSD of backbone is shown for whole protein (blue) and 5 Å regions around the active site of cocrystal ligand (red). The
structures, 1Z89 (a) and 3H4G (c), have lower RMSD for active site than whole protein, while 2FZ8 (b) has similar RMSD for both
throughout the trajectory.

only, thereby, avoiding the need to devote computer time on
intermediate states. Because the accuracy of absolute binding
free energy calculations depends on a delicate balance of
different energetic and entropic contributions, the calculated
in silico binding free energy can be still considered close to
the experimentally determined data.

The water density around the ligand shows areas of high
occupancy of water at these positions. They closely reproduce
the position of the water molecules which were observed in
the crystal structure. The life time and occupancies of water
molecules also varies depending on the type of inhibitor
with 3H4G having occupancy of 98.92%, 53.55% for 2FZ8,
and only 16.5% for 1Z89. The occupancy ratios are also
in agreement with the observed density, in which 3H4G
have more density around the ligand when compared to
other inhibitors. The contributions toward electrostatic free
energy of solvation are very low for 3H4G as compared
to other complexes. So the energy required to desolvate
the binding particles in this complex is very low, while the
highest energy required to desolvate is seen in 1Z89 which

has a low binding energy. Moreover, binding energy pattern
of the ALR2 complexes with and without water signify
the importance of the water molecules in protein-ligand
interaction. This study confirmed the stability of structural
bridge water molecules that are always present in simulations
and also revealed the presence of other structural water
molecules, with lower residence time and occupancy in the
complexes.
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Single-point mutation in genome, for example, single-nucleotide polymorphism (SNP) or rare genetic mutation, is the change of a
single nucleotide for another in the genome sequence. Some of them will produce an amino acid substitution in the corresponding
protein sequence (missense mutations); others will not. This paper focuses on genetic mutations resulting in a change in the
amino acid sequence of the corresponding protein and how to assess their effects on protein wild-type characteristics. The existing
methods and approaches for predicting the effects of mutation on protein stability, structure, and dynamics are outlined and
discussed with respect to their underlying principles. Available resources, either as stand-alone applications or webservers, are
pointed out as well. It is emphasized that understanding the molecular mechanisms behind these effects due to these missense
mutations is of critical importance for detecting disease-causing mutations. The paper provides several examples of the application
of 3D structure-based methods to model the effects of protein stability and protein-protein interactions caused by missense
mutations as well.

1. Introduction

Human DNA is not identical among individuals, and this
causes natural differences among races and ethnic popula-
tions, and also among healthy individuals and individuals
susceptible to disease. On the DNA sequence level, the
differences could be large or small, the smallest being a
difference in a single-nucleotide. If such a difference occurs
in some fraction of the population, but not in a single case,
the difference is termed single nucleotide polymorphism
(SNP) [1, 2]. Some of the SNPs occur at the noncoding,
while other SNPs happen in the coding regions [3]. The
SNPs occurring at the noncoding region does not affect
the gene product, that is, the protein sequence is not
changed, such types of SNPs are termed silent mutations
[4]. However, silent mutation could also be found in the
coding region because each amino acid is coded by more
than one codon. Thus, even the mutation changes the codon,
though it is still possible that the protein sequence is not
affected. However, a silent mutation still could affect the
function of the cell by altering the gene’s expression and
regulation.

On the other side of the spectrum are nonsynonymous
SNPs (nsSNPs), which cause changes in protein sequence.
The most dramatic change is induced by the nonsense
mutations, which result in a premature stop codon and pro-
duce truncated, usually nonfunctional proteins [4]. Missense
mutation, on the other hand, is a change of a single amino
acid into another. Such a mutation could be polymorphism
if it is observed in significant fraction of the population, or it
could be a rare missense mutation if found in an individual
or small group of people, as, for example, in a family. In both
cases, on protein level, these mutations are termed single-
point mutations and they are the primary focus of this paper.

Missense mutations and, in general, nsSNPs were exten-
sively investigated in the past to reveal their plausible effects
on protein stability [5–10], protein-protein interactions [11],
the characteristics of the active site [5, 6], and many others
[12–20]. In parallel, significant efforts were invested to
catalog naturally occurring genetic differences, those found
in general population and presumably harmless as the SNP
database [21–23] and those known to be disease associated
as the Online Mendelian Inheritance in Man (OMIM)
[24–26]. The OMIM includes the full-text description of
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disease phenotypes and genes, mapping, molecular genetics,
PubMed references, and many other features [26, 27].
OMIM is currently provided by the U.S. National Center for
Biotechnology Information (NCBI) [28] and edited by Dr.
Victor A. McKusick at John Hopkins University. By 2011,
more than 21,000 entries including data and over 13,100
established gene loci and phenotypic descriptions are con-
tained in OMIM Entrez database [28]. SNP database is used
to organize and systematize the huge amount of information
of gene sequencing. So far, several SNP databases have been
developed such as the dbSNP database [21, 29, 30], the
Human Genome Variation Database (HGVbase) [22], the
Human Gene Mutation Database (HGMD) [31], and the
TopoSNP database [23, 32–35].

The existence of such databases combined with available
biochemical data of the effects of single-point mutations on
protein stability and interactions prompted the development
of in silico methods to predict the effects of mutations on
the wild-type characteristics of the corresponding proteins or
assemblages. Currently, the approaches can be classified into
several categories: first principle methods, which calculate
the folding or binding free energy change based on detailed
atomic models [36–46]; methods based on statistical poten-
tials [47–55] and utilizing known protein structures in the
Protein Data Bank [56]; methods using empirical potential
combining both physical force fields and free parameters
fitted with experimental data [57–65]; machine learning
approaches, which are trained against known experimental
databases, and then used to predict the effect of the newly
found mutations [66–72].

2. Overview of Plausible Effects Induced by
Genetic Differences

Genetic differences can potentially affect the function of the
cell in a variety of ways, which can be broadly classified into
several categories outlined below.

2.1. Active Sites, Reaction Kinetics, and the Reaction Parame-
ters. If a mutation occurs in an active site, then it should be
considered lethal since such substitution will affect critical
components of the biological reaction, which, in turn, will
alter the normal protein function [73, 74]. At the same
time, the biochemical reaction is very sensitive to the precise
geometry of the active sites for both of the reactants and
products; therefore, any conformational change altering the
active sites will also affect the biochemical reaction; however,
conservative mutations are not expected to perturb protein
function by much. Thus, even if the mutation does not occur
at the active site, but quite close to it, the characteristics
of the catalytic groups will be perturbed [5, 6, 75]. In
such a case, the mutation may not completely abolish the
biochemical reaction but can change the kinetics of the
reaction [76]. Moreover, the biochemical reaction strongly
relies on a particular (optimum) cellular environment such
as pH, salt concentration, and temperature. Thus in the
living cells, the proteins’ behavior is controlled by these
cellular environments [77, 78]. Changing the reaction rate,

the pH, or salt and temperature dependencies away from
the native parameters can lead to a malfunctioning protein.
The isoelectric point (pI) is a very important parameter
that refers to the pH at which the net charge of the protein
is zero. Recently, it was demonstrated that five missense
mutations involving charged groups in the sodium iodide
symporter (NIS) gene, which generates a protein called
iodide transporter and is associated with iodide transport
defect, can cause an obvious pI shift and influence the
electrostatic interactions in the trans-membrane domains of
the NIS protein. Even more, these substitutions will probably,
in turn, affect the protein stability, protein trafficking, and
iodide transport activity [79].

2.2. Kinetics of Protein Folding, Protein Stability, Flexibility,
and Aggregation. Protein folding is the process of converting
the linear unfolded polypeptide into the native 3D structure
driven by the gradient of potential energy [80, 81]. The
importance of kinetics of protein folding is manifested by the
fact that protein miss-folding is involved in many diseases
[12]. An amino acid substitution at a critical folding position
can prevent the forming of the folding nucleus, which
makes the remainder of the structure rapidly condense [12].
Protein stability is also a key characteristic of a functional
protein [5, 6, 71, 82–86], and as such, a mutation on
a native protein amino acid can considerably affect its
stability [76, 77, 87] through perturbing conformational
constraints (e.g., substituting a small side chain residue to
a large one and vice versa, resulting in backbone strain
or overpacking) or physicochemical effects (substitutions
between hydrophilic residues and hydrophobic residues,
burial of charged residues, the disruption of hydrogen bonds,
loss of hydrogen bonds, of S–S bonds) [88]. It was shown that
80% of missense mutations associated with disease are amino
acid substitutions that affect the stability of proteins by
several kcal/mol [84]. In addition, the missense mutation can
also alter the protein flexibility [5, 89, 90]. When a protein
is carrying its function, frequently the reaction requires a
small or large conformational change to occur that is specific
for the particular biochemical reaction. Thus, if a mutation
makes the protein more rigid or flexible compared to the
native structure, then it will affect the protein’s function
[91, 92]. Additionally, conformational flexibility is the main
mechanism affecting protein aggregation propensity [93],
thus the influence on protein flexibility could cause protein
aggregation and formation of fibrils [94].

2.3. Interactions between Protein-Protein, Protein-DNA,
Protein-RNA, and Protein-Membrane. If a missense muta-
tion occurs at hot-spots of the binding interface that are
crucial in contributing to the interaction [95, 96], then
the binding affinity would be dramatically affected due to
geometrical constrains and/or energetic effects [7, 97]. For
instance, when substituting a small side chain for a bulky
side chain in a narrow binding pocket, the entrance of the
partner group will be blocked and the binding process will
be completely or partially prevented [6, 98–101]. Similarly,
a mutation at the protein-DNA interface can affect DNA
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regulation [13–15]. A mutation occurring at the protein-
membrane interface can affect the signal processes across
the membrane, protein association with the membrane, and
function of various channels and pumps [16, 17].

2.4. Subcellular Localization and Protein Expression. Subcel-
lular localization is a very important factor, which provides
a specific environment for protein function, protein interac-
tions, protein activity in signaling pathways, and many other
features. Transporting a protein to the correct compartment
allows it to form the necessary wild-type interactions with
its biological partners and take part in the corresponding
biological networks like signaling and metabolic pathways.
Otherwise, mislocalizing the protein in a wrong subcellular
compartment will have harmful effects on the other proteins
which function there [20]. Typically, a mutation affecting
the subcellular localization is a mutation that occurs at
a signaling region. For example, missense mutations in
Otopetrin 1 affects the subcellular location and causes
nonsyndromic otoconia agenesis and a subsequent balance
defect in mice [102]. Fanconi anemia is a genetic disease
associated with the missense mutations in FANCA protein.
These missense mutations affect the subcellular localization
of the FANCA protein and make it unable to relocate to the
nucleus and activate the FA/BRCA pathway [103].

Protein expression is a subcomponent of gene expres-
sion and commonly used to denote the measurement of
the protein concentration in a particular cell or tissue.
Missense mutations can affect DNA-transcription factors
resulting in altering the expression of the corresponding
protein. Altering the wild-type protein expression in the
compartment where it is designed to function will disrupt
the normal cell cycle and in turn may cause diseases [20].
Recently, functional analysis of pancreatitis-associated mis-
sense mutations was performed in the pancreatic secretory
trypsin inhibitor (SPINK1) gene, which encodes pancreatic
secretory trypsin inhibitor (PSTI). It was shown that one
of the disease-causing missense mutations R65Q reduced
protein expression by almost 60%, and four other pathogenic
missense mutations G48E, D50E, Y54H, and R67C caused
complete or almost complete loss of PSTI expression [104].
By excluding the possibility that reduced transcription or
unstable mRNA can lead to reduced protein expression, it
was surmised that these disease-causing missense mutations
probably cause intracellular retention of their respective
mutant proteins. This is suggestive of a potential unifying
pathological mechanism underlying both the signal peptide
and mature peptide mutations [104].

In this section, we presented the plausible effects which
mutations can cause. In fact, mutations often affect the
normal protein function by the combined molecular effects
listed above [5, 6, 8]. For Instance, in the studies of
genotype-phenotype correlations of TGFBI (transforming
growth factor, beta-induced) mutations, it was shown that
a missense mutation V613G strongly destabilizes the wild-
type protein keratoepithelin by 3.1 kcal/mol; additionally, the
same mutation might also result in an improper folding
due to the backbone structure of the substituted gly is

not restricted by the presence of a side chain, thus can
adopt any conformation and lead to a misfolded protein.
At the same time, it was shown that V613G also facilitates
formation of beta-sheet structure of TGFBI which is known
to favor amyloid formation [105]. Similarly, another study
performed in silico investigation on 18 missense mutations in
electron transfer flavoprotein (ETF) associated with multiple
acyl-coa dehydrogenase deficiency (MADD), and it was
found that these 18 missense mutations can be classified
into two groups by their molecular effects: altering protein
folding and assembling, affecting the catalytic activity of
functional sites, and disrupting interactions with their
biological partner, that is, dehydrogenases in this case [106].

3. Methods and Approaches to Predict the
Effects of Mutations

Current efforts in this field are aimed at predicting the
deleterious mutations since such predictions can be used
for diagnostics and drug design. The features used to make
such predictions can be classified into three categories: (a)
amino acids properties, such as size, side chain polarity, side
chain flexibility, and its ability to form a hydrogen bond and
other geometrical considerations; (b) 3D protein structural
properties such as protein stability, affinity of receptor-
ligand complex, and structural flexibility; (c) evolutionary
properties like sequence conservation and phylogenetic trees.
It is almost impossible to review these approaches one
by one since most of the current methodology is using a
combination of these features [27]. Table 1 shows several
examples for application of molecular modeling methods,
free of charge for academia, to study the molecular mecha-
nisms of missense mutations affecting wild-type properties
of proteins. Comparison of their performance is provided in
references [65, 107]. In the following paragraphs, we explain
in detail some of the available resources.

It is essential to identify the most informative features
among the features mentioned above for making successful
predictions. Such a necessity inspired several works among
which a recent study evaluating 32 features using their
mutual information together with the functional effects
of the amino acid substitutions, as measured by in vivo
assays. Sequentially, a greedy algorithm was performed
to identify a subset of highly informative features [108].
Finally, it was concluded that two features describing the
solvent accessibility of “wild-type” and “mutant” amino-
acid residues and another feature of evolutionary properties
based on superfamily-level multiple alignments produce
the best accuracy [109]. Another investigation developed
a formalism and a computational method based on a
structural model and phylogenetic information to indicate
the effects of amino acid substitution on protein functions.
With such a protocol, approximately 26%–32% of naturally
occurring missense mutations were predicted to affect the
protein functions [110].

The amino acid properties are often considered an
important characteristic, which could play a crucial role
in protein folding, stability, interaction of protein-protein
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Table 1

Methods Short Summary Examples (references)∗
Some tools based on this
method

Molecular
dynamics

The trajectories of molecules are
determined at atomic level by
numerically solving the Newton’s
equation of motion

(i) Thrombosis-related R2-FV haplotype:
D2194G, Coagulation Factor V, domain C2
[8]
(ii) Parahemophilia, Factor V new
brunswick: A221V, Coagulation Factor V,
domain A [9]
(iii) FPLD, R482W; Lamin A/C [159]
(iv) Intellectual Disability: H101Q; CLIC2
protein [10]
(v) Snyder-Robin syndrome: G56S, V132G,
I150T; spermine synthase; [5]

Eris [112, 132, 133]
Tinker [158] GROMACS
[160]

Molecular
mechanics

Using molecular mechanics force
field and optimization to model
molecular systems

(i) 21-Hydroxylase-Deficiency: R132C,
R149C, M283V, E431K; CYP450; C21 [161]
(ii) Cancer: A159V, A161V, N235I, N239Y,
T256I, S269I; p53 [162]
(iii) Intellectual Disability: H101Q; CLIC2
protein; [10]
(iv) Mutability of human spermine
synthase: all amino acids substitution at
disease associated missense mutation sites
G56, V132, and I150; human spermine
synthase [6]
(v) Studying effects of nsSNPs on
protein-protein interactions: nsSNPs in
OMIM and non-OMIM; 264
protein-protein complexes with known
nsSNPs located at the interface; [11]

FoldX [63, 64]

Monte Carlo
simulation

Applying Monte Carlo sampling
to predict preferred
conformational states

(i) Noonan syndrome: D61Y, Tyrosine
phosphatase SHP-2 [163]

IMC [164]

Electrostatic
calculation

Calculating electrostatics energy
and pKa/ionized states
changes/electrostatic stability
upon the missense mutations

(i) Snyder-Robinson Syndrome:; G56S,
V132G, I150T human spermine synthase [5]
(ii) Thrombosis-related R2-FV haplotype:
D2194G, Coagulation Factor V, domain C2
[8]
(iii) Noonan syndrome: D61Y, Tyrosine
phosphatase SHP-2 [163]
(iv) Studying effects of nsSNPs on
protein-protein interactions: nsSNPs in
OMIM and non-OMIM; 264
protein-protein complexes with known
nsSNPs located at the interface; [11]

DelPhi [165] MCCE
[166–168] pKD [169]

Evolutionary
properties

Based on structure and sequence
analysis, for example, highly
conserved residues in a protein
family

(i) Homocystinuria: 204 mutations;
cystathionine beta synthase; [170]

SNPs3D [138] PolyPhen
[86]

Machine
learning

learn the behavior of a system
based on training datasets

(i) Snyder-Robinson Syndrome: G56S,
V132G, I150T; human spermine synthase;
[5]
(ii) Gastrointestinal stromal tumors: 19
mutations; KIT receptor [171]

I-Mutant 2.0/3.0
[71, 72, 134]

Graph methods

A branch of discrete
mathematics. In protein science,
this method is used to analyze
the topological details of proteins
with known structure

(i) Cancer: Y220C, R273H, R273C, R282W,
and G245S; p53 protein; [172]
(ii) Predicting the structural effects of
nsSNPs: 506 disease-associated nsSNPs;
[173]

Bongo [173]
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Table 1: Continued.

Methods Short Summary Examples (references)∗
Some tools based on this
method

Statistical
Potential

Based on the knowledge of
statistical mechanics such as
inverse Boltzmann law, ΔG =
−kT log [gi j(r)]

(i) Human X-linked Agammaglobulinemia
(XLA): 16 missense mutations; Bruton’s
tyrosine kinase (Btk); [174, 175]
(ii) Severe form of phenylketonuria: G46S;
human phenylalanine hydroxylase (hPAH);
[176]

DFIRE [55, 177, 178]
PoPMuSiC-2.0
[179, 180] CUPSAT
[181–183]

The BellKor
collaborative
filtering (CF)
algorithm

Model relations of the known
data points and the parameters
of the model are learnt by the
training database

(i) Using the known ΔΔG value to predict
the ΔΔG value of other missense mutations
at the same substitution site; 4803 mutants
were used; [184]

Pro-Maya [184]

complexes, and protein function, although sometimes they
may be misleading [11]. The side chain properties such as
volume, polarity, acidity, basicity, conformational flexibility
and the ability to form a hydrogen-bond and salt bridge,
are distinguishable. Therefore, the compatibility of a sub-
stitution at the dominant allele could be used to make the
prediction as it was done in a recent study [111], which
combined amino acid properties and structural information
to identify deleterious mutations by analyzing the effects on
protein stability.

An alternative approach to assess the effect of mutation
on protein stability is to evaluate the change of folding free
energy ΔG(folding). The difference between ΔG(folding) of
the wild-type protein and the mutant, typically described
as ΔΔG(folding), is a measure of the effect of mutation
on protein stability [5, 6, 64, 65, 107, 112]. If the change
in ΔΔG(folding) is negative, then the prediction is that
the mutation will destabilize the protein. In contrast, if
the calculated change is positive, the mutation is expected
to stabilize the protein. The same considerations are valid
in the case of predicting the effect on receptor-ligand
binding [113]. Numerous investigations were reported in
the past to reveal the change in the stability of the native
structure [71, 82–86], the macromolecular interactions [11],
or altering the wild-type (WT) hydrogen-bond network, in
terms of affecting the stability [5, 114, 115]. Currently, several
distinctive approaches to predict the protein stability and
affinity changes due to mutations have been developed and
they can be classified into four categories: (a) first principle
methods that using the detailed atomic models to calculate
the folding/binding free energy changes caused by mutations
[36–46]—these approaches are scientifically sound, but are
quite computationally expensive and may not be the best
choice in the cases of large sets of mutations [116]; (b)
methods based on the statistical potentials [47, 48] were
shown to be successful in predicting the change of protein
stability upon the mutations [49–55]; (c) Methods utilizing
empirical potential, combining both physical force fields, and
free parameters fitted with experimental data [57–62]; (d)
machine learning methods, utilizing a training database [66–
70].

The 3D structure of proteins can be used not only
for energy calculations, as described above, but to map
mutations onto it and to use geometrical considerations

to predict the effects of mutations [117]. Recently, such
an approach, the alpha-shape method from computational
geometry, was used to divide all nsSNP sites into three
categories: (a) Type P: nsSNPs located in a pocket or a void;
(b) Type S: nsSNPs occurred on a convex region; and (c)
Type I: nsSNP sites are completely buried inside the protein.
It was found that 88% of pathogenic nsSNPs are of type P
and rarely of type I [32]. Along the same line, 3D structures
were used in combinations with machine learning (SVM)
and random forest methods. It was demonstrated that these
methods outperformed the SIFT algorithm developed by Ng
and Henikoff [118], and was indicated that incorporating
structural information is crucial to make an accurate pre-
diction if no sufficient evolutionary information is available
[119]. Based on the 3D structures, the solvent-accessibility
term is also an important feature, which is often used for
investigating the effects of missense mutations. It has been
shown that using a solvent-accessibility term, the Cβ density,
and a score derived from homologous sequences will make
the most accurate prediction [120]. Recent studies took
into account several protein structural parameters such as
solvent accessibility, location within beta strands, or active
sites to predict the effects on nsSNPs. It was found that
approximately 70% of the disease-associated mutations are
buried and solvent inaccessible [121–124] and that such
mutations have strong effects on protein structure, folding,
stability, and normal function [121, 123].

Another important feature reviewed here is evolution-
ary properties. Among homologous proteins, the highly
conserved residues are generally considered to be critical
for protein stability, interaction, and function. One of
the evolutionary approaches, which assumes that residues
located at a highly conserved position are most likely crucial,
is to extract conservation scores from a multiple sequence
alignment of homologous proteins. Another widely used
computational technique is named the “evolutionary trace”
method [125–127]. It uses phylogenetic information based
on homologous sequences to rank residues according to
evolutionary importance based on their conserved residues
in the protein family. After that, such evolutionary conserved
residues are mapped on the representative structure. In
addition, a group of conserved residues could occur at
the interface of a protein-protein complex. Based on the
extraction of functionally important residues, an approach
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was developed utilizing the evolutionary trace method to
identify active sites and functional interfaces of proteins
based on their available structures. The method was tested
on SH2 and SH3 modular signaling domains and the DNA
binding domain of the hormone receptors. It was demon-
strated this method can delineate the functional epitope
and identify the essential residues for binding specificity
[128].

In order to train machine learning algorithms properly
and to have a benchmarking case, appropriate databases are
required. A particular example is the Catalytic Site Atlas
database [129], which collects 177 original hand-annotated
entries and 2608 homologous entries and covers about
30% of all enzyme in the Protein Data Bank [56]. At the
same time, the computational methods of predicting the
functional residues were also well-developed [125, 130, 131].
A selection of structure and sequence-based features was
used to indicate an amino acid polymorphism effect on
protein function, and it was found that ∼26%–32% of the
naturally occurring nsSNPs will affect the protein’s function
[110].

4. Webservers for Analyzing the
Effects of Mutations

In past years, several methods were implemented into
webservers to predict the effects on protein stability due to
mutations. The Eris webserver is based on Medusa force
field [132], and it was benchmarked on 595 mutants with
available experimental data resulting in RMSD 2.4 kcal/mol
between the predicted ΔΔGcal (folding) and corresponding
experimental values (ΔΔGexp (folding)) [112, 132, 133].
The FoldX is perhaps the most popular web server [63]
for predicting the folding free energy changes due to the
mutations, and it is based on the empirical potentials [64].
The I-Mutant 2.0/3.0 is Support Vector Machine-based
(SVM: a machine learning method) webserver utilizing the
3D structural or sequential information to predict protein
stability change upon single-point mutations [71, 72, 134].
Other webservers include the Site Directed Mutator (SDM)
[54] and the Mupro method [135].

In parallel, there are webservers predicting the effects of
mutations on protein-protein interaction. The COILCHECK
is an interactive webserver, which measures the strength
of interactions between two helices involved in coiled coil
structures utilizing nonbonded and electrostatic interactions
and the presence of hydrogen bonds and salt bridges. It can
be used to assess the strength of coiled coil regions, to recog-
nize weak and strong regions, to rationalize the phenotypic
behavior of single mutations and to design mutation exper-
iments [136]. Recently, DrugScorePPI was reported, which
is a fast and accurate computational approach to predict
impacts on binding affinity by the change of the binding free
energy upon alanine mutations at protein-protein interfaces.
The primary motivation of developing this webserver is to
identify hotspot residues at protein-protein interfaces, which
will guide both biological experiments and the development
of protein-protein interaction modulators [137].

There are many webservers Which are designed to predict
if the mutation is pathogenic or not without providing infor-
mation about the magnitude of expected energy changes.
The SNPs3D [138] is a primary resource and database, which
provides various disease/gene relationships at the molecular
level. This server has three modules: (a) identifying the gene
candidates involved in a specific disease; (b) relationships
between the sets of candidate genes; and (c) analyzing the
possible effects of nsSNPs on normal protein function. It is
very convenient for the users to quickly obtain the available
information and so develop models of gene-pathway-disease
interaction. Another online predictor of molecular and
structural effects of protein-coding variants was recently
developed, the SNPeffect 4.0 [139]. It uses sequence- and
structure-based bioinformatics tools such as aggregation
prediction (TANGO) [140], amyloid prediction (WALTZ)
[141], chaperone-binding prediction (LIMBO) [142], and
protein stability analysis (FoldX) [63] to predict the effect
of SNPs. In addition, it also contains the information of
effects on catalytic sites, posttranslational modifications,
and all known human protein variants from Uniprot. At
the same time, SNPeffect allows users to submit custom
protein variants for analyzing the SNP effects and plot
correlations between phenotypic features for a user-selected
set of variants [139]. The dbSNP database in NCBI lists
over 9 million SNPs in the human genome but includes
very limited annotation information. To fill this gap, the
LS-SNP was developed to annotate the nsSNPs [83]. It can
map nsSNPs onto protein sequences, functional pathways,
and comparative protein structure models and predicts the
positions where nsSNPs cause the effects. The results can
be used to find out the functional SNP candidates within
a gene, haplotype, or pathway, and also in understanding
the molecular mechanisms responsible for functional effects
of nsSNPs [83]. At the same time, a protocol based on
Sorting Intolerant From Tolerant (SIFT) [118] was reported
to predict if a missense mutation will affect the protein
function. To assess the effects of a missense mutation, SIFT
utilizes evolutionary properties of the protein and considers
the substitutions at the conserved positions which may affect
protein function. Thus, SIFT makes a prediction on effects
of all possible substitutions at each position in the protein
sequence by using sequence homology [143]. The Polyphen
(Polymorphism Phenotype) is a tool that predicts possible
impact of an amino acid substitution on the structure and
function of a human protein using straightforward physical
and comparative considerations. It combines a variety of
features such as sequences, evolutionary properties, and
structural information to predict if an nsSNP will affect the
protein function and performs optimally if the structural
information is available. More than 11000 nsSNPs are
annotated by this webserver [86]. A new version of Polyphen,
namely, Polyphen-2, was recently released [144]. Its features
include high quality multiple sequence alignment pipeline
and probabilistic classifier based on a machine-learning
method, and it is optimized for high-throughput analysis
of the next-generation sequencing data [144]. After the
development of SIFT and Polyphen, the Parepro (Predicating
the amino acid replacement probability) was created, based
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on two independent databases HumVar and NewHumVar.
The predictions are if an nsSNP will be either deleterious
or will have no effect on protein function. Compared to
SIFT and Polyphen, Parepro achieved a higher Matthews
correlation coefficient (MCC) and overall accuracy (Q2)
when predications were made using a 20-fold cross valida-
tion test on the HumVar dataset [145]. StSNP is a webserver
referencing the data from dbSNP in NCBI, the gene and
protein database from Entrez, the protein structures from the
PDB, and pathway information from KEGG and makes an
effort to provide combined, integrated reports about nsSNPs.
Researchers can use the metabolic pathways in StSNP to
examine the likely relationship between the disease-related
pathways and particular nsSNPs, and link the disease with
the current available molecular structure data [146]. AUTO-
MUTE is a knowledge-based computational mutagenesis
used to predict the disease potential of human nsSNPs.
In this study, 1790 neutral and disease-associated human
nsSNPs on 243 diverse human protein structures were used.
With a trained model, this method achieves 76% cross-
validation accuracy [147].

5. Application of Structure-Based Methods to
Predict the Effects of Mutations on Protein
Stability and Protein-Protein Interactions

In this section, we outline several examples of utilizing
structural information to predict the effects of mutations on
wild-type characteristics of proteins and protein complexes.

5.1. Application of Molecular Dynamics (MD) Simulation
for Predicting the Effects of Mutations. Coagulation factor V
(FV) is the precursor of an essential procoagulant cofactor
that accelerates FXa-catalyzed prothrombin activation in
the coagulation system. It is a large glycoprotein contain-
ing several domains, A1-A2-B-A3-C1-C2 [8]. A missense
mutation D2194G in its C2 domain was shown to cause
low expression level and to have plausible effect on stability
of the corresponding protein. To investigate the molecular
mechanism of D2194G affecting the wild type of the
corresponding protein, MD simulations were carried out on
both of the WT and mutant structure to reveal the flexibility
change upon this mutation [8]. The program CHARMm
[148] was used, and the total simulation time was 900 ps.
The root mean square fluctuations (RMSFs) for the α-carbon
atoms of the C2 domain per residue were calculated for
series of snapshots. The comparison for the WT and mutant
structures is shown in Figure 1(a). It was concluded that the
regions 2075–2085 and 2140–2150 in both WT structure
and mutant structures are flexible. The loop 2042–2053
(Figure 1(b)) which is close to the mutation site, is more
flexible in the mutant structure. At the same time, loop 2060–
2067 became more flexible in the mutant as well, and this
effect was attributed to the increased mobility of the loop
2042–2053. The substitution of Asp for Gly will lead to a big
cavity and the nonflexible C-terminus (Tyr2196) inserts itself
into the domain and attempts to fill out this cavity and to
compensate for the missing negative charge of the mutant.
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Figure 1: (a) The structural and flexibility differences between the
simulated WT and mutant structures. The black line represents the
RMSF of the WT structure and the red line represents the mutant
protein. (b) 3D structure of the C2 domain of the WT FV. The S–S
bond is marked in yellow and the loop 2042–2053 is indicated by
the arrow.

G56S
V132G I150T

Figure 2: 3D structure of human SMS with three missense
mutation sites. Two subunits were represented by ribbon in cyan
and magenta. Three mutation sites were shown with sphere
representation: G56S in orange, V132G in white and I150T in green.
The substrates of SPD and MTA were shown in red sticks and blue
sticks, respectively.
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(a) (b)

Figure 3: Effects on dimerization. (a) G56S: we superimposed WT structure (presented with two chains in white) and mutant structure
(presented with Only one chain in green). Cyan stick represented Gly in the WT structure and magenta stick represented Ser in the mutant
structure; (b) V132G: Only the region around the mutation site was shown in the figure. We superimpose the WT structure (presented with
two chains in white) and mutant (presented with only one chain in green). The orange stick represented Val in the WT structure and red
stick represented Gly in the mutant structure.

(a) (b)

Figure 4: Effects on monomer stability. (a) G56S: N-terminal domain of both WT monomer (white) and mutant monomer (green) are
superimposed. Cyan stick represented Gly in the WT structure and magenta represented Ser in the mutant structure; (b) V132G: C-terminal
domain of both WT monomer (white) and mutant monomer (green) are superimposed. We use stick and ball representation in orange to
represent Val in the WT structure and in red to represent Gly in the mutant structure.

These events could be the reason for the enhancing flexibility
of the loop 2042–2053.

5.2. Application of Energy Calculation for Predicting the Effects
of Mutations in Human Spermine Synthase. In this section,
we describe the molecular mechanism of three missense
mutations in human spermine synthase (SMS) causing
Snyder-Robin Syndrome (SRS) [149–151] to demonstrate
application of structure-based methods and energy calcula-
tion to predict the effects on protein stability and protein-
protein interaction [5].

SMS (OMIM: 300105) is an enzyme converting sper-
midine (SPD) into spermine (SPM) both of which are
two polyamines controlling normal mammalian cell growth
and development [152–155]. The importance of SMS for
the normal function is illustrated by the fact that three
clinical missense mutations, c.267G > A (p.G56S) [150],
c.496T > G (p.V132G) [151], and I150T [5], on SMS will
cause an X-Linked mental retardation disorder named SRS
(OMIM: 309583). At the same time, the 3D structures of

human SMS with either the substrates SPD or product
SPM have been experimentally determined [156]. The 3D
structure of SMS with the substrates SPD and product MTA
(PDB ID: 3C6K) is shown in Figure 2. SMS contains two
subunits forming a dimer, and each subunit includes two
terminal domains: the N-terminal domain which plays a
key role in dimerization and the C-terminal domain which
includes the active site. The importance of dimerization for
SMS function was also demonstrated by series of deletion
experiments in vitro [156]. Additionally, two missense
mutations G56S and V132G are located at the dimer
interface, while the other missense mutation I150T occurred
at the C-terminal domain and quite close to the active
sites.

These three mutants were made in silico by SCAP, a
program in JACKAL package [157], based on the native
3D SMS structure. Then, the TINKER package was used to
perform the energy minimization and calculation [158]. It
was shown that the missense mutation G56S will strongly
decrease the dimer affinity by nearly 14 kcal/mol, but the
other two have no impact on it. With the analysis based
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on the 3D structure, it was concluded the reason that G56S
strongly decreases the dimerization is because the side chain
of Ser in the mutant is pointing to the dimer interface,
and there is no enough room to harbor this side chain
(Figure 3(a)). In contrast, while the mutation V132G is
located at the dimer interface as well, the side chain of Val in
the native structure does not point towards the interface and
is close to large cavity (Figure 3(b)); thus this substitution
can be accommodated easily without introducing any steric
constrains. The third mutation, I150T, is very far away from
the dimer interface (Figure 2); thus it is not supposed to
affect the dimerization.

With regards the folding energy calculation, all these
missense mutations are predicted to destabilize the protein
monomer by 2.8 kcal/mol (G56S), 1.1 kcal/mol (V132G),
and 3.5 kcal/mol (I150T), respectively. Figure 4(a) gives the
comparison of the native structure and mutant structure
and is zoomed into the mutation site G56S. In the mutant
structure, we can see this mutation occurs in a sharp turn,
and the substitution with almost any other amino acid will
introduce strain. Figure 4(b) shows the superposition of
the native structure and mutant, zoomed in the mutation
site V132G. It is clear that the side chain of Val points
to the interior, thus the substitution with Gly will leave a
big cavity inside the monomer, which in turn will affect
the stability. In addition, considering the physicochemical
property feature, Val and Gly have different hydrophobicity.
The destabilization by I150T is mainly attributed the totally
different physicochemical properties between Ile, which is
a hydrophobic residue, and Thr, which is a hydrophilic
residue.

Thus, combining the 3D structure, physicochemical
properties of amino acids, and energy calculations, it was
shown that one can successfully predict molecular effects due
to these three missense mutations. Such an analysis helps
better understand how these missense mutations affect the
SMS function and in turn reveal the molecular origin of
SRS.

6. Conclusion

In this paper, we outlined the current state-of-the-art
methods in the field of computational modeling of effects
of nsSNPs and rare missense mutations. Available resources
are pointed out along with short description of their
functionality and accuracy. The basic concepts and major
research directions are described and their advantages and
disadvantages discussed.
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Programmed ribosomal frameshifting (PRF) serves as an intrinsic translational regulation mechanism employed by some viruses
to control the ratio between structural and enzymatic proteins. Most viral mRNAs which use PRF adapt an H-type pseudoknot
to stimulate −1 PRF. The relationship between the thermodynamic stability and the frameshifting efficiency of pseudoknots has
not been fully understood. Recently, single-molecule force spectroscopy has revealed that the frequency of −1 PRF correlates with
the unwinding forces required for disrupting pseudoknots, and that some of the unwinding work dissipates irreversibly due to the
torsional restraint of pseudoknots. Complementary to single-molecule techniques, computational modeling provides insights into
global motions of the ribosome, whose structural transitions during frameshifting have not yet been elucidated in atomic detail.
Taken together, recent advances in biophysical tools may help to develop antiviral therapies that target the ubiquitous −1 PRF
mechanism among viruses.

1. Introduction to Programmed−1 Ribosomal
Frameshifting in Viruses

The genetic information in mRNA is decoded by the ribo-
some in units of three nucleotides, the codons, being trans-
lated into their corresponding amino acids. Consequently,
there are three possible reading frames for a given length
of nucleotide message. The actual open reading frame starts
with the nucleotide triplet AUG and extends with every fol-
lowing triplet being read correctly by the ribosome, ensuring
an error rate of frameshifting <3 × 10−5 per codon [1, 2].
However, programmed ribosomal frameshifting (PRF) is
indispensable for many viruses to regulate their protein ex-
pression levels from overlapping ORFs. In human immunod-
eficiency virus type 1 (HIV-1), −1 PRF occurs at a frequency
of 5 to 10% at the junction of gag and pol genes, resulting
in a 20 : 1 to 10 : 1 molar ratio of the structural (Gag) to en-
zymatic proteins (Gag-Pol polyprotein) (Figure 1(a)) [3–6].

The viral −1 PRF site contains three characteristic RNA
elements [7–12]. (i) A slippery site with the form of X-XXY-
YYZ (the dashes separate in-frame triplets), where XXX can

be any homopolymeric sequence, YYY can be either AAA
or UUU, and Z can be A, U or C. The slippery sequence
allows effective base-pairings between the ribosome-bound
tRNAs and mRNA even after frameshifting to XXX-YYY
(−1 frame). (ii) A 5- to 10-nucleotide-long spacer between
the slippery site and the downstream RNA structure. (iii)
A downstream pseudoknot or stem-loop (also referred to
as a hairpin) structure that is generally thought to act as a
“roadblock” to stall the ribosome and subsequently promote
ribosome backward slippage.

Most retroviruses adapt pseudoknots as their −1 PRF-
stimulating elements [13–15]. A typical hairpin- (H-) type
pseudoknot is characterized by base-pairing between a
hairpin loop and a single-stranded region outside that loop
(Figure 1(b)) [13, 16]; that is, as shown in Figure 1(b), Stem
2 is formed by base-pairing Loop 1 and the distal end
of Loop 2. This brings remote regions of the RNA con-
tour together and gives rise to more complex tertiary
interactions, such as base-stacking and triplex base-pairing
[17, 18]. As a result, pseudoknots are generally more stable
and efficient in promoting −1 PRF, as compared to their
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stem-loop counterparts with the same compositions of base
pairs [14, 17, 19]. Notably, there are still cases like HIV-1 that
can utilize simple stem-loops to promote −1 PRF effectively
[19, 20].

Subtle alterations in−1 PRF elements have been reported
to affect viral production dramatically [21–24]. For HIV-1,
despite the intrinsically high mutation rate for RNA viruses,
Biswas et al. found that of the 1,000 HIV-1 slippery sequences
they obtained, all the UUUUUUA slippery heptamers are
exactly identical. Substituting this site with another equiv-
alently efficient slippery sequence, namely, UUUAAAA, can
reduce viral titer more than 1,000-fold [4, 25]. More recently,
annexin A2 (ANXA2), an eukaryotic multifunctional pro-
tein, has been shown to bind the pseudoknot of avian coro-
navirus infectious bronchitis virus (IBV) and reduce the viral
−1 PRF efficiency [26]. Accordingly, the authors suspected
that ANXA2 might interact more generally with other viral
RNA pseudoknots, thereby acting as an antiviral regulator in
eukaryotic cells [26].

Despite −1 PRF’s ubiquity among infectious viruses,
and its promising role for serving as an antiviral target
[3, 4, 6, 27], the precise molecular mechanism remains elu-
sive. This paper aims to address how recent developments in
biophysical tools, specifically single-molecule techniques and
computational modeling, can help to elucidate the mech-
anochemical basis for −1 PRF.

2. Single-Molecule Techniques
Reveal Mechanochemical Details for
Pseudoknot-Stimulated−1 PRF

Since the diameter of the mRNA entry tunnel in the ribo-
some is too small to accommodate the dimensions of double-
stranded RNA, any RNA secondary structures must be dis-
rupted before being read by the ribosome [28, 29]. One may
hence expect that the thermodynamic stability of a down-
stream mRNA structure should correlate with −1 PRF effi-
ciency, as has been observed in the mRNA strands that con-
tain stem-loop stimulatory structures [19, 30]. Intriguingly,
the free-energy change ΔG of folded and unfolded pseu-
doknots measured from UV optical melting profiles does
not correlate well with the propensity of frameshifting [13,
18, 31–34]. This discrepancy may be attributed to the fact
that thermal melting occurs globally at any base pair, but the
ribosome can only unwind the duplex sequentially from 5′

to 3′ end of the mRNA [14]. Due to the unique topology
of pseudoknots (Figure 1(b)), the downstream Stem 2 causes
supercoiling in the Stem 1 via base-pairing as the ribosome
attempts to unwind the 5′-end of Stem 1. Accordingly, Stem 2
must be simultaneously disrupted before allowing ribosome
translocation through the entire Stem 1, providing further
torsional restraint to the ribosome [31, 35, 36]. In contrast, a
simple stem-loop can rotate freely during unwinding. There-
fore, other than tertiary interactions, the restriction in rota-
tional freedom explains the superior mechanical stability and
−1 PRF efficiency of pseudoknots, compared with energet-
ically equivalent stem-loops [31, 35]. The total unwinding
work exerted by the ribosome would thus be larger than the

ΔG required for just melting the pseudoknots, with some
fraction of work dissipated irreversibly [31]. Then, it can
be inferred that −1 PRF efficiency should correlate more
with the mechanical force required for “pulling” RNA pseu-
doknots apart, which resembles successive RNA unwind-
ing by the ribosome [7, 14, 31, 32]. Such mechanical pulling
of an RNA pseudoknot can be readily carried out by optical
tweezers.

An optical trap is formed by focusing a laser beam to the
vicinity of a transparent particle that diffracts the incident
light [37, 38]. The particle thus experiences a force from the
diffracted photons due to momentum transfer. The intensity
profile of the laser beam is chosen to adapt a Gaussian gra-
dient, such that small displacements of the particle (∼150 nm)
from the beam center produce a counteracting force toward
its equilibrium position, acting like a simple harmonic
spring. The spring constant, which is determined through
control experiments in advance, depends on both the laser
profiles and the dielectric properties of trapped objects [37–
39].

By monitoring and/or manipulating biomolecules indi-
vidually, single-molecule techniques are able to unveil sto-
chastic behaviors and rare events that are otherwise hidden in
the ensemble averages from a “bulk” biochemical assay (“in
bulk” for short). To facilitate single-molecule manipulation
on optical tweezers, two DNA handles are attached to mi-
cron-sized polystyrene beads through biotin-streptavidin
and digoxigenin-antibody interactions, respectively [48].
The RNA molecule of interest, usually a stem-loop or pseu-
doknot, is flanked by the DNA handles. One of the beads
is trapped by a laser beam, while the other is pulled by a
micropipette or another trapping laser (Figure 2(a)).

Chen et al. discovered that the unwinding force measured
by optical tweezers correlates strongly with the −1 PRF fre-
quency (Figure 2(b)) [32]. Extrapolation of the data pre-
dicts that 100% −1 PRF efficiency would be reached by
a pseudoknot with an unfolding force around 57 pN. The
authors reasoned that pseudoknots with unfolding force
above∼60 pN would completely stall the ribosome and result
in an abortive translation [32]. Although this prediction has
not been confirmed directly, such “roadblocking” effect has
been observed in bulk recently [7].

Consistent with the torsional restraint model [35, 36], a
similar experiment conducted by Hansen et al. showed that
the work performed by optical tweezers during mechanical
unfolding of a IBV-based pseudoknot (501 ± 36 kJ/mol, see
PK401 in [31]) is much larger than the theoretically esti-
mated free-energy cost (292 kJ/mol) required for both RNA
unfolding and stretching [31], with a significant amount
of the performed work dissipated irreversibly. The need for
extra energy input makes the pseudoknot more resistant to
unfolding by optical tweezers and presumably by ribosomes,
when compared with its hairpin counterparts with equival-
ent base-pairing energies. The model also explains the
observation that the length and predicted stability of Stem 1
do not always correlate with the frequency of frameshifting,-
since the effect of torsional restraint must also be taken
into consideration; for example, Napthine et al. found
that an IBV-derived pseudoknot with 12 bp Stem 1
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Figure 1: (a) Structure of HIV gag/gag-pol ORFs, with stop codons indicated by red arrow heads. The pol ORF does not contain a start codon
and can only be initiated by−1 PRF within the gag ORF. Therefore, the two ORFs are said to be “overlapping” by a length of∼200 nt [3]. The
secondary and NMR-resolved three-dimensional structures for the−1 PRF-stimulating stem-loop are illustrated with corresponding colors,
whereas base pairs are indicated by short black bars [20, 40] (PDB 1Z2J). Stems are shown in red and blue, and loops are shown in orange and
green. (b) A minimal (ΔU177) human telomerase pseudoknot adapts a canonical H-type pseudoknot configuration [18, 32] (PDB 1YMO).
Tertiary major-groove and minor-groove interactions (base triples) are represented by black dots between bases in the secondary structure
depiction. The black dot at the junction of Stem 1 and Stem 2 indicates tertiary interaction between Loop 1 (orange) and Loop 2 (green).
This RNA structure is not involved in translational regulation, but rather in the activity of the telomerase complex [18, 41]. Its well-known
structure makes it an ideal RNA pseudoknot system for studying frameshifting [32, 42]. Stem 1, Loop 1, Stem 2, and Loop 2 are shown in
red, orange, blue, and green, respectively. All 3D molecular representations in this paper were produced using the UCSF Chimera package
from the Resource for Biocomputing, Visualization, and Informatics at the University of California, San Francisco, USA (supported by NIH
P41 RR001081) [43].
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Figure 2: (a) Schematic representation of optical tweezing. The RNA pseudoknot is flanked by DNA handles that are end-labeled with
biotin and digoxigenin, respectively. The handles can then attach to surface-modified beads via biotin-streptavidin and digoxigenin-antibody
interactions. Finally, a trapping laser and a micropipette that moves away from the trap produce tension force on the construct. (b)
Correlation between −1 PRF efficiencies and externally applied unwinding forces for different pseudoknot constructs. For details of each
construct, the reader is referred to reference [32]. Circles indicate average values. Error bars for −1 frameshifting efficiencies along the y-
axis are standard errors of the means from in vitro bulk frameshifting assay. Error bars for unfolding forces are standard deviations of the
optical tweezing measurements. Frameshifting efficiencies correlate better with unfolding forces (R2 = 0.84) than melting free energies of
pseudoknots (R2 = 0.59, see [32]). (b) is reproduced with permission from [32].
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(ΔGStem 1, theory = −67.4 kJ/mol, 55% −1 PRF) actually sti-
mulates −1 PRF more efficiently than that with a 13 bp Stem
1 (ΔGStem 1,theory = −80.0 kJ/mol, 47% −1 PRF) [49].

Despite the strong mechanical strength of a pseudoknot,
HIV-1 is rather unique in that it utilizes a simple stem-loop
as its −1 PRF-stimulating element [20], and, as described
above, the −1 PRF efficiency is susceptible to mutations in
the UUUUUUA frameshifting site (virtually from ∼5% to
0% for some point mutations) [4]. Therefore, the role of an
efficient slippery sequence should also be taken into consid-
eration. Indeed, the slippery nature of a poly(U) template has
been demonstrated by optical tweezers previously [50].

While optical tweezers reveal the mechanical properties
of mRNAs, single-molecule Förster resonance energy trans-
fer (smFRET) serves as a powerful tool for probing confor-
mational changes of single ribosomes [51–57]. When a laser
beam is totally and internally reflected in a microscope, it
produces an evanescent wave on the other side of the inter-
face. This evanescent wave decays exponentially with dis-
tance, and therefore can only penetrate ∼100 nm into the
reaction chamber [58, 59]. SmFRET exploits this property to
excite only the fluorescent samples immobilized on the sur-
face, greatly reducing the background signal from free fluo-
rescent molecules outside the evanescent field. The immo-
bilized fluorescent molecules appear as diffraction-limited
spots that can be visualized and recorded by an electron mul-
tiplying charge coupled device (EMCCD) camera. The fluo-
rescence intensities and the corresponding FRET efficiencies
of single molecules can thus be measured and calculated in-
dividually.

A recent smFRET experiment has utilized fluorescently
labeled ribosomes to correlate recurring fluctuations in
FRET efficiency to intersubunit conformational changes,
which in turn indicate ribosomal translocation events [52].
This design allowed the researchers to observe ribosome
slipping at codon resolution, which revealed a small fraction
(<2%) of the ribosome traces exhibiting FRET cycles larger
than the mRNA coding length of the homopolymeric
poly(U) template. In contrast, additional FRET cycles that
are indicative of ribosomal slippage, were not observed when
a heteropolymeric template was translated [52]. These results
again confirm the notion that the U-rich sequence is very
slippery [25].

Although a recent study suggests that stem-loops can
serve as efficient−1 PRF stimulators, the experiment has uti-
lized a slippery sequence, UUUAAAC, that appears to be
even more efficient in promoting −1 PRF than the HIV-1
UUUUUUA motif (41.7% versus 24.7% when placed up-
stream of a minimal IBV pseudoknot) [19, 25]. Taken to-
gether, albeit a pseudoknot structure provides a stronger
mechanical hindrance for ribosome progression, an efficient
slippery sequence probably works synergistically with a less
topologically restrained stem-loop. However, the quanti-
tative relationships between these components, as to why
certain sequences are many folds more slippery than others
[25], require further investigations.

The above examples demonstrate that single-molecule
spectroscopy can straightforwardly access physical quantities
that seem to better correlate with pseudoknot-stimulated

−1 PRF efficiencies, thereby providing unprecedented mech-
anochemical details for the underlying mechanisms [16, 31,
32].

3. Coarse-Grained Elastic Network
Model Provides Further Insights into
Global Motions of the Ribosome and
May Guide the Labeling Scheme for
Single-Molecule Spectroscopy

The ribosome has been shown to possess intrinsic mRNA
helicase activity for resolving duplex structures of the mRNA
during translation in vitro [29]. Interestingly, in addition to
the superior stability of pseudoknots arising from tertiary in-
teractions and torsional restraints, it has been proposed that
stereochemical mismatch between the pseudoknot structure
and the geometry of the putative ribosomal helicase sites
would block the entry of downstream mRNA [28, 44]. This
view is supported by the fact that some mutations in Loop
2 that are not anticipated to affect tertiary interactions, but
are suspected to alter contacts with the ribosome, significant-
ly lower −1 PRF efficiencies [60]. This gives rise to the inter-
esting possibility that other than acting as a general mechan-
ical hindrance, specific interactions between the pseudoknot
and the mRNA entry site of the ribosome could promote
−1 PRF by inducing conformational changes of the ribo-
some complex allosterically. Indeed, although both pseudo-
knots and stem-loops can stall ribosomes, only pseudoknots
are able to induce distortion in the P-site tRNA, as ob-
served in the cryoelectron microscopy (cryo-EM) maps of
stalled mammalian 80S ribosomes (Figure 3(a)) [44]. The
low resolution (16.2 Å), however, was not sufficient for visu-
alizing atomic details of the structural dynamics during
frameshifting. Unfortunately, high-resolution single-mole-
cule techniques are also constrained by their pulling or label-
ing sites and are consequently blind to such global structural
changes. Computational modeling can, on the other hand,
monitor overall motions of the molecule from detailed struc-
tural models.

A coarse-grained elastic network model [61] only takes
the Cα atom for each amino acid residue into account as
“nodes” in a protein network [62]. For each nucleotide, 2 or
3 representative atoms are assigned as nodes [63, 64]. The in-
teraction between each node is then approximated by simple
harmonic potential, which dictates the fluctuations of these
nodes. The nodal vibrations are further decomposed into a
number of normal modes, whose contributions to the over-
all dynamics of a protein are inversely weighted by their
respective frequency-squared. As a consequence, the biolog-
ically relevant motions of a protein, which generally involve
large-scale conformational changes, are dominated by low-
frequency modes in ENM [65–67].

ENM is based on the view that protein dynamics is large-
ly determined by the topology of native contacts, as has
been proposed and supported by several studies [68–72].
Accordingly, the physical and chemical properties of each
residue are not taken into consideration in ENM, and the
computational complexity is greatly reduced compared with
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Figure 3: (a) Cryo-EM reconstituted map of pseudoknot-stalled mammalian 40S small ribosomal subunit. The close-up view on the left
shows the pseudoknot (PK, purple) binding to the putative ribosomal helicase site, namely, rpS3 (equivalent to prokaryotic S3), rpS9 (S4
in prokaryotes), and rpS2 (S5 in prokaryotes). Compared with the vacant 80S ribosome map (80SApo, green mesh), these subunits lining
the mRNA entrance tunnel (yellow) move slightly toward the pseudoknot. The close-up view on the right shows pseudoknot-stalled P-site
tRNA (tRNAPK) distortion relative to the stem-loop-stalled tRNA (tRNASL). The data implies that although both pseudoknot and stem-
loop promote ribosome stalling, only pseudoknot can induce conformational changes in the ribosome complex. Figure reproduced with
permission from [44]. (b) Close-up view of prokaryotic mRNA entrance tunnel [45] (PDB 3KNJ). Viewed from interior of the ribosome,
residues implicated in interacting with the mRNA by ENM are labeled [46], and shown in ball-and-stick representations. Asterisks denote
functional residues reported to be involved in ribosomal helicase activity (residues in S3 and S4) and translational fidelity (loop 2 in S5) by
previous experiments [29, 47]. The ribosome reads mRNA in a 5′ to 3′ fashion, that is, opposite to mRNA movement indicated by the black
arrow. Messenger RNA, S3, S4, and S5 are shown in orange, red, green, and blue, respectively.

molecular dynamics simulations [71, 73]. It takes even less
time to calculate only the low-frequency modes that domi-
nate macromolecular motions, making ENM especially suit-
able for modeling large complexes [70]. Indeed, the ratchet-
like motion of the ribosome, one of the most important
global motions characterizing ribosomal translocation [74],
was clearly described by ENM calculations that only took a
few slow modes into account [64, 71]. Furthermore, global
deformations of the ribosome can be calculated by ENM iter-
atively based on X-ray structures and then fitted into cryo-
EM structures originated from different states of the ribo-
some bound with various factors, unraveling large-scale con-
formational changes from inherently low-resolution cryo-
EM images [75].

The relationship between accommodation of A-site ami-
noacyl-tRNA and dissociation of E-site deacylated tRNA re-
mained elusive for years [16, 76]. Based on the ENM simu-
lation results, Wang et al. predicted that the movements of
A-site and E-site tRNAs are uncoupled (the orientation cor-
relation is 0.165, where a unity value would indicate perfect-
ly concerted motions) [64]. This prediction has been sup-
ported by correlation analysis of a later single-molecule flu-
orescence experiment (correlation coefficient r = 0.04) [76].
Likewise, Kurkcuoglu et al. utilized the same approach to
detect possible active sites responsible for the intrinsic heli-
case activity of the ribosome (Figure 3(b)) [46]. The pre-
dictions not only agreed with previous results [29], but also
gave more possible key residues that have not been confirm-
ed experimentally. Therefore, ENM, which samples equilib-
rium dynamics and predicts global conformational changes,
can guide the labeling scheme for future single-molecule

experiments crucial for probing direct interactions between
the ribosomal helicase and the pseudoknot.

Modeling perturbed ribosomal dynamics induced by
pseudoknots can be readily carried out with ENM and
linear response theories [77], where the magnitude of pertur-
bation force exerted on the ribosome can be inferred from
unwinding forces of pseudoknots provided by single-mole-
cule measurements. Alternatively, the pulling force directly
applied on the ribosome by optical tweezers provides another
plausible experimental approach for model validations and
refinement. This scheme may as well be applied to other sup-
ramolecular assemblages.

4. Future Perspectives

Due to the asynchronous nature of stochastic reactions, de-
tailed molecular mechanisms are often difficult to be infer-
red from conventional bulk experiments. Nevertheless, de-
velopments of recent biophysical tools, particularly single-
molecule techniques, have elucidated much about the mech-
anical and functional properties of pseudoknots [31, 32,
41, 44], the action of the ribosomal helicase [46, 78], and
the mechanisms of translational machinery as a whole [52,
76, 79, 80]. Indeed, combining data from cryo-EM, X-ray
crystallography, as well as molecular dynamics simulations/
modeling has provided predictions and insights into the in-
teractions between the ribosomal L1 stalk and tRNAs, which
agree well with smFRET results [80]. It is tempting to ask
what we can learn by applying similarly combined methodo-
logies to investigations of −1 PRF mechanisms.
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Structural, computational, and single-molecule approach-
es are complementary to each other. Computational model-
ing and simulations unravel the dynamic nature of molecules
and provide physics-based methods for protein deformations
in the presence of externally applied forces [69, 73, 81, 82].
The calculations could make “rational” biotin/digoxigenin
labeling possible in a single-molecule experiment, by labeling
the ribosome at sites that cause the least conformational
changes and the resulting dissociation from the mRNA dur-
ing optical tweezing. The mechanical descriptions thereof
can be rather physiologically relevant, as in the case of titin
kinase, which serves as a molecular force sensor in muscle
cells [81–83]. On the other hand, single-molecule force and
fluorescence spectroscopies probe real-time structural transi-
tions, such as folding-unfolding as well as stretching, for
proteins [84–86], RNAs [87], and complexes [41, 88]. These
data can be subsequently used to validate and/or refine the
physics models and molecular simulations.

Understandings to the translational machinery as well
as −1 PRF mechanisms have suggested attractive targets for
antiviral therapies. Although it is possible to develop drugs
that target the eukaryotic 80S ribosome and alter −1 PRF
[89, 90], the side-effects are unclear, owing to potential cellu-
lar genes that utilize frameshifting, but have not yet been
found [91–93]. Developing drugs that specifically interact
with viral −1 PRF-stimulating structures could be a good
intervention strategy. Indeed, small ligands have been iden-
tified to alter viral −1 PRF efficiencies by binding to the −1
PRF-promoting stem-loop in HIV-1 and the pseudoknot in
severe acute respiratory syndrome coronavirus (SARS-CoV)
[6, 21, 27]. As described above, single-molecule force spec-
troscopy can provide the unfolding forces of various RNA
structures, which correlate with −1 PRF efficiencies much
better than thermodynamic stabilities. Studies with various
mutant −1 PRF-promoting structures may facilitate drug
discovery by identifying the essential residues and bondings
responsible for their mechanical stabilities as well as inter-
actions with the ribosome. Accordingly, combining the new
biophysical tools sheds light on how future antiviral agents
can be developed to work against the ubiquitous −1 PRF
mechanisms among viruses.
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Diabetes insipidus (DI) is a rare endocrine, inheritable disorder with low incidences in an estimated one per 25,000–30,000 live
births. This disease is characterized by polyuria and compensatory polydypsia. The diverse underlying causes of DI can be central
defects, in which no functional arginine vasopressin (AVP) is released from the pituitary or can be a result of defects in the kidney
(nephrogenic DI, NDI). NDI is a disorder in which patients are unable to concentrate their urine despite the presence of AVP. This
antidiuretic hormone regulates the process of water reabsorption from the prourine that is formed in the kidney. It binds to its
type-2 receptor (V2R) in the kidney induces a cAMP-driven cascade, which leads to the insertion of aquaporin-2 water channels
into the apical membrane. Mutations in the genes of V2R and aquaporin-2 often lead to NDI. We investigated a structure model
of V2R in its bound and unbound state regarding protein stability using a novel protein energy profile approach. Furthermore,
these techniques were applied to the wild-type and selected mutations of aquaporin-2. We show that our results correspond well
to experimental water ux analysis, which confirms the applicability of our theoretical approach to equivalent problems.

1. Introduction

Membrane proteins play important roles in many biological
processes. Although the total number of known membrane
protein structures has increased from 337 to 1515 structures
within the last eight years, the high degree of redundancy
and the average quality of these structures reduce the
overall condition of structural data significantly [1]. At
the moment, only 398 nonredundant membrane protein
structures are available by protein structure databases, such
as the Protein Data Bank (PDB) or the Protein Data Bank
of Transmembrane Proteins [2, 3]. Hence, little is known
about membrane proteins. To investigate membrane protein
structure and misfolding, other approaches, such as small-
molecular-force spectroscopy, have been applied and devel-
oped [4]. Mutation-induced membrane protein structure
misfoldings are causes of many human diseases, that is,
diabetes insipidus, hereditary deafness, retinitis pigmentosa,
cystic fibrosis, familial hypercholesterolaemia, and so on
[4–7].

Diabetes insipidus (DI) is characterized by polyuria (a
daily output of 15–20 L of highly dilute urine) and compen-
satory polydypsia. In the general population, it is assessed
on one case per 25,000–30,000 people [8–10]. Symptoms of
DI in newborn infants are irritability, poor feeding, poor
weight gain, and dehydration. DI can be differentiated in
two classes. First, central diabetes insipidus (CDI) is caused
by central defects, in which no or an insufficient amount
of functional arginine vasopressin (AVP) is released from
the pituitary. In contrary, defects in the kidney could cause
nephrogenic diabetes insipidus (NDI). Four different types of
NDI concerning causes and inheritance are known [11–14]:

(i) acquired NDI, it can originate as a side effect of long,
surpassing drug taking (i.e., lithium);

(ii) autosomal recessive inheritable NDI, caused by
mutations in AQP2 gene which encodes aquaporin-2;

(iii) dominant inheritable NDI, caused by mutations in
AQP2 gene which encodes aquaporin-2;
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(iv) X-linked inheritable NDI, caused by mutations in
AVPR2 gene which encodes the AVP type-2 receptor
(V2R).

The X-linked inheritable variant of NDI is a disorder in
which a person affected is unable to concentrate urine in the
kidney despite the presence of AVP. This nanopeptide (10
amino acids) acts as an antidiuretic hormone. It binds to V2R
as an agonist and induces a cAMP-driven cascade which, as
one result, leads to the insertion of aquaporin-2 in the apical
collecting duct membrane. As an α-helical membrane water
channel, the fusion of aquaporin-2 with the cell membrane
increases the permeability of apical plasma membranes to
water. Thus, water can pass through the apical membrane
and leads to the prourine concentration equilibrium. Mis-
folded V2R mutants trapped in the endoplasmatic reticulum
are the main cause for the origin of the X-linked NDI
variant. Usually V2R fuses with the basolateral membrane
where it is able to bind to AVP. Furthermore, inserted
mutants are usually not able to bind with AVP. Thus, trapped
V2R mutants or normally inserted but not-functional V2R
mutations anticipate the induction of aquaporin-2 insertion
which results to polyuria and diuresis. Autosomal recessive
or dominant inherited mutations in the AQP2 gene lead
to the misfolding of aquaporin-2 and, hence, the insertion
of functional aquaporin-2 water channels. This results in
the typical NDI symptoms elucidated above as well [15,
16]. Mutations in V2R and aquaporin-2 cause structural
instabilities. The analysis of these instabilities plays an
important part concerning the understanding process of
membrane protein mutation-induced diseases, especially in
diabetes insipidus.

In this paper, we demonstrate a novel approach for mem-
brane protein stability analysis based on protein energy pro-
files. The concept of protein energy profiles is a novel coarse-
grained model for transforming structural and chemical pro-
tein properties to one-dimensional energy representations. A
protein energy profile can be calculated by any given protein
structure within less than half a second making it valuable
for the fast analysis of structure-function relationships. This
approach is explained closer in the Material and Methods
section. Its application to a structure model of V2R in bound
and unbound state to AVP will be elucidated in detail.
Additionally, the energy profile based membrane protein
analysis is applied to the structure model of the wild-
type of aquaporin-2 and selected mutant structure models.
Finally, significant differences in the energy characteristics
and correlations to experimental data will be discussed in
detail.

2. Materials and Methods

2.1. Description of the Investigated Proteins

2.1.1. V2 Vasopressin Receptor (V2R). The V2 vasopressin
receptor belongs to the class A of G-protein coupled
receptors. It contains seven membrane spanning helices
which are connected by extracellular and intracellular loops,
respectively. The binding of V2R to agonist AVP induces

the activation of the protein leading to allosteric structural
rearrangements [17]. Once V2R is activated, it is able to
interact with the cytosolic G-protein activating adenyl cyclase
which triggers a cAMP-driven cascade. As a result aquaporin-
2 is inserted in the apical membrane [15, 16]. The binding
site of AVP in V2R is located within transmembrane helices
II-IV, where the residues 88–96, 119–127, 284–291, and 311–
317 are mainly involved in binding [18, 19].

Since there is no known protein structure of V2R, a three-
dimensional structure model of V2R was produced using the
I-TASSER protein structure modeling pipeline [20]. Basically
I-TASSER builds protein models using iterative assembling
procedures and multiple threading alignments based on
template structures. In Table 1, the PDB IDs, corresponding
biological descriptions and sequence identities to V2R
of the employed template structures, are given. Gradient
minimization of the modeled structure was produced by
means of NAMD2 [21]. Further MD simulation was applied
to the model by using CHARMM27 force-field [22]. To study
the overall model quality and structural stability, additional
MD simulations were performed. The average RMSD of the
Cα-backbone of the structure model was found to be 2.7 Å.

2.1.2. Aquaporin-2. Aquaporins provide highly permeable
pores for water to cross membranes. Four identical sub-
units form a stable tetramer spanned through the plasma
membrane. Each subunit consists of seven helices which
form a pore with 3 Å in diameter. The selectivity for water
is achieved mainly by the two asparagine residues 76 and
192 (human aquaporin-1 numbering) [23]. Further selective
residues are His180, Gly188, Cys189, Gly190, Ile191, Arg195,
Phe56. An illustration of the residues in the aquaporin-
1 structure which are involved in water binding is given
in Figure 1 [23, 24]. Furthermore, all aquaporins exhibit
two highly conserved Asn-ProAla motifs which are located
in two opposite meeting α-helices in all known aquaporin
structures. This indicates the high conservation of this
structural feature and its importance in water transport
activity. It is shown that these two α-helices form a bipolar
electric field changing the water molecule orientation and
preventing protons to pass the channel. Further molecular
simulation studies have revealed a secondary free energy
barrier which is induced by Phe56, His180, and Arg195. It
is located about 8 Å apart from the primary bipolar electric
field at the extracellular side of the protein. As one result
of these two bipolar electric fields, a constriction region is
formed which allows only a single water molecule to pass
the end of the pore. MD simulations of Arg195 mutants
revealed the correspondence of the stability of this secondary
bipolar electric field to Arg195 and, hence, the influences on
water selectivity of the protein [25–27]. Although no high
resolution structure of aquaporin-2 is given, all discovered
features in known aquaporin structures and knowledge
can be assigned reliably to aquaporin-2 due to the mostly
high conservation of these residues in all known human
aquaporins.

For the protein-energy-profile-based analysis, a structure
model is necessary. Therefore, the most reliable structure
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Table 1: Overview of the used template structures applied in modeling the V2R receptor structure.

PDB ID Description Sequence identity to template [%]

2ks9 Substance-P receptor 19

2rh1 B2-adrenergic G-protein coupled receptor 22

1l9h Bovine rhodopsin 18

Figure 1: Illustration of the water binding network in aquaporin-
1 (PDB ID 1fqy). Due to high residue conservation, knowledge
gained from known aquaporin structures can be assigned to
aquaporin-2 reliably. Since there is no high resolution structure of
aquaporin-2, this gained knowledge sheds light on the structure-
function relationship in aquaporin-2.

model was retrieved from the ModBase database [28]. This
model was produced using the high resolution structure
of aquaporin-5 as the modeling template (PDB ID 3d9s).
Both proteins share a sequence identity of 68%. The used
model exhibits a high coverage of 93% to the template
structure. To reevaluate the quality of the model, the protein
structure analysis tool VADAR (version 1.8, see [29]) was
applied. One evaluation criterion is the quality index which
summarizes side chain misfoldings, stereochemical overlaps,
and insufficient atom packing for each residue. Quality
indexes below 4 are reported as low quality. The quality
index plot of aquaporin-2 is shown in Figure 2. As illustrated,
the average quality index of all residues of the aquaporin-2
model points to a high quality level with only a few weak
spots. Thus, the model can be applied to the protein-energy-
profile-based approach.

2.2. Theory of Protein Energy Profiles. Since the fundamental
work of Anfinsen, which states that the native protein confor-
mation is determined by the sum of amino acid residue inter-
actions and, thus, by the amino acid sequence [30], many
coarse- and fine-grained, all atom models describing residue-
residue interactions were developed and adapted. They are
based either on first principles approaches using physics laws
or make use of knowledge of existing experimentally derived
structures and statistical analysis. The latter approaches, the
so called knowledge-based energy potentials (KBPs), assume
that free energy functions describe the behavior of a protein
structure and that, according to Boltzmann’s principle,
the low-energy states are observed with high frequency.
KBPs differ in their level of description of system details:
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Figure 2: The quality index plot of the aquaporin-2 structure
model produced by VADAR. The structure model of aquaporin-
2, which is necessary for protein-energy-profile-based analysis, was
reevaluated using the structure analysis tool VADAR [29]. One
evaluation criterion given by VADAR is the quality index per
residue. It indicates weak spots in the model, for example, side chain
misfolding, stereochemical overlaps, insufficient atom packing, and
so on. Here, the plot points to a high structure model quality.

ranging from all-atom models and potentials to simplified
coarse-grained models. The physics-based approaches to
predict protein structure use molecular mechanics force
fields which describe proteins at atomic detail and energy
terms containing contributions from electrostatic and van
der Waals interactions as well as covalent bonding of the
polypeptide chain [31–33, 32]. However, such atomic detail
simulations are only feasible for rather small proteins usually
shorter than 150 amino acids.

The coarse-grained model for calculating protein energy
profiles, which is described here, belongs to the KBPs
approaches. Its basis stems from [34–36]. It is similar to
the approach described in the work of Eisenberg et al.
[37]. Eisenbergs approach transforms the three-dimensional
structure of the protein to a one-dimensional representation
by analyzing the structural environment of each residue in
the structure. This environment is described by the buried
surface of the residue side chain and the surface of the side
chain which is exposed to polar atoms as well as the local
secondary structure of the residue. In contrast, the approach
described here analyses the environment of the investigated
residue too but approximates its energy by reverting to
pseudoenergies derived by statistical physics. These pseu-
doenergies are based on the tendency of each amino acid for
being either buried or exposed to the solvent. Applying the
Boltzmann principles to these tendencies, the pseudoenergy
of each amino acid can be approximated. For instance, an
exposed cysteine holds a higher energy as expected since
cysteine is usually buried inside the protein structure [38].
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Based on [34, 35], we defined an inside/outside property for
generating amino acid buriedness distributions and, hence,
allowing the pseudoenergy approximation. Let i denote one
of the 20 canonical amino acids. nin,i and nout,i describe
the absolute frequency of the amino acid i being assigned
as “inside” and “outside” by the inside/outside property,
respectively. The inside/outside-property is defined as

f (i)

=
⎧⎨
⎩nin,i++,

∥∥Cα,i−c
∥∥<5 Å∨

(
Cα,i−Cβ,i

)(
Cα,i−c

)
<0,

nout,i++, else,

(1)

where c denotes the center of mass of all Cα atoms within
a 5 Å sphere surrounding i. In general, the statistics can be
calculated by any given set of proteins but redundancy and
physiochemical properties need to be taken into account. For
instance, the statistics of α-helical membrane proteins differ
significantly from statistics derived by globular proteins
exclusively. Exchanging statistics or calculating on the basis
of a rather inappropriate protein structure set would lead
to false conclusions. Here, the statistics were derived by
employing this property to 342 nonredundant α-helical
membrane proteins. The list of these protein structures
can be found at the Protein Data Bank of Transmembrane
Proteins [1]. Applying the inverse Boltzmann principle, the
pseudoenergy ei of i can be approximated as follows:

ei = −kBT ln

(
nin,i

nout,i

)
. (2)

Since kB and T are declared as constants in this model, both
can be omitted from the calculation:

e∗i = − ln

(
nin,i

nout,i

)
. (3)

The energy of the pairwise interactions of i to other residues
corresponds to the environment of i and the environments
composition inside the structure [39]. Thus, the expected
tendency value P of the observed environment composition
correlates with the interaction energy of i. P can be
approximated by the derived amino acid distributions:

Pk∈Env =
∏

k∈Env

pk =
∏

k∈Env

(
nin,k

nout,k

)
,

lnPk∈Env =
∑

k∈Env

ln

(
nin,k

nout,k

)
.

(4)

Thus, according to the Boltzmann principle, the energy of
the environment EEnv is defined as

EEnv = − lnPk∈Env, (5)

and, hence,

Ei = −|Env| ln

(
nin,i

nout,i

)
−

∑
k∈Env

ln

(
nin,k

nout,k

)
. (6)

The environment was defined by a contact function g(i, j)
adapted from [36] which is denoted as

g
(
i, j
) =

⎧⎨
⎩1,

∥∥∥Cα,i − Cα, j

∥∥∥ ≤ 8 Å,

0, else,
(7)

Finally, the total energy of i is

E∗i =
∑
j∈S\i

[
g
(
i, j
)(
e∗i + e∗j

)]
, (8)

where S defines a given protein structure. By omitting kBT in
the model, the resulting E∗i are given in arbitrary unit entities
[a.u.] and are direct proportional to energies listed in [J] or
[kcal mol−1]. The protein energy profile of S corresponds to
the n-tupel of all E∗i .

Similar to the approach discussed in the work of Eisen-
berg et al. [37], energy profiles can be aligned by means of
dynamic programming. Therefore, an energy-energy scor-
ing function was implemented. It is derived by distances
between power-equal intervals of the gaussian integral of the
energy distribution. For scoring two energies, each energy
is assigned to its interval in the gaussian integral. The
distance between both integrals corresponds to the pairwise
energy score. This scoring is used for aligning two given
energy profiles A and B by dynamic programming, like the
Needleman-Wunsch algorithm [40] or the Smith-Waterman
algorithm [41]. The estimation of alignment significance is
permitted by weighting the resulting score xr to the best
possible score xopt and the average permutation score xp

which is derived by permuting and realigning the given
energy profiles. As discussed in [42], this weighted score is
called distance score (dScore) and is defined as

dScore(xr) = − log

(
xr − xp

xopt − xp

)
(9)

with

xopt(A,B) = δ(|A| + |B|)
2

. (10)

Here, δ denotes the best possible pairwise energy score. In
general, significant energy profile alignments correspond to
dScores of less than 2.5 bans. The alignment of two identical
energy profiles corresponds to a dScore of 0 bans (Figure 3).

2.3. Correlations of Energy Profiles to Structure and Amino
Acid Sequence. The relation of amino acid stability and
amino acid energy is explainable by the folding of the
protein and its energy landscape. The process of folding
can be described as a function of the loss of the free
Helmholtz energy within an amino acid interaction energy
state. Commonly, a folded protein in its stable state holds the
minimized amount of free energy [43]. The energy profile is
a transformation of the energy landscape of the protein at the
point of minimized free energy. This leads to the conclusion
that the energy value of an amino acid i given by an energy
profile is a transformation of the stability of the amino acid i
in the structure.
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Figure 3: The structure model of aquaporin-2 (a) and its corresponding energy profile (b).

To investigate the correlation of energy profiles to
structure and amino acid sequence, seven protein structures
(PDB IDs: 1a1w, 1a3h, 1amm, 1b1j, 1bhe, 1o8w, 3gbs)
which share no similarity in structure, sequence, or function
were subjected to the PDBeFold service [44] for searching
identical and similar protein structures in the Protein Data
Bank. Overall, PDBeFold detected 653 significant hits. For
each hit, the sequence identity and structure alignment
scores (QScores) were saved. Two identical protein structures
afford a QScore of 1.0. In contrast, two dissimilar proteins
share a QScore of 0.0. Afterwards, the protein energy profiles
of the query protein structures and the corresponding hits
were calculated and aligned. The Spearman correlation
coefficients of the resulting dScores and saved QScores as
well as the sequence identities were calculated. The resulting
Spearman correlation coefficients are

(i) QScore to dScore: ρQScore, dScore = −0.91,

(ii) sequence identity to dScore: ρseqId, dScore = −0.92,

(iii) sequence identity to QScore: ρseqId, QScore = 0.94.

The corresponding scatter plots are shown in Figure 4. The
high correlation of energy profile similarity to sequence
identity and structure similarity leads to the conclusion
that energy profile similarity achieves at least the same
correlation as sequence identity to protein structure. This
implies transitivity of the energy profile of a protein to its
amino acid sequence and structure.

Additionally, the correspondence of secondary structure
elements to their holding energy was investigated. Therefore,
energy profiles of a nonredundant set of 342 α-helical
membrane proteins were fragmented and labeled according
to the secondary structure elements. The fragment length
was five residues. 600 fragments were chosen randomly from
the entire set of fragments and clustered using neural gas
[46]. During the clustering process, the labels were ignored
and served only for evaluating the clustering performance.
The clustering was evaluated using normalized mutual

information (NMI)[47]. This procedure was repeated in 100
iterations to verify the resulting values. Here, the average
NMI was found to be at a low level of significance at
0.06 which means that there exists almost no correlation
of secondary structures to their holding energy in α-
helical membrane proteins. The procedure was repeated
with labeled fragments according to the membrane topology
regions. The NMI was found to be 0.34, which indicates
almost linear separability of energy profile fragments accord-
ing to membrane topology regions. The resulting average
NMI of 0.14 of globular protein energy profile fragments
labeled according to secondary structure elements shows
good clustering. This indicates the correlation of protein
energy profiles to structural features of proteins and, thus,
the correlation to protein structure stability.

2.4. Application of Energy Profiles to V2 Vasopressin Receptor.
For investigating the energetics, binding capabilities, and the
effect of mutations in the V2 receptor, the structure model of
V2R was studied on the level of energy profiles. Therefore,
the Molecular Docking Server was used for a docking
simulation of the V2R model and the AVP hormone. In
[48], it is demonstrated that the semiempirical PM6 partial
charges calculation methods, which are implemented in the
software of the Molecular Docking server, allowed a docking
accuracy of 42 correctly modeled ligand-protein complexes
out of a set of 53 ligand-protein complexes determined
by X-ray experiments. Regarding the performance of the
Molecular Docking Server as well as the energetic trajectories
computed while calculating the docking simulation of AVP
and V2R (data not shown), the structure of the model and its
hormone in bound state was assessed as modeled correctly
and used for further analyses. The energy profiles of the
V2R model in bound and unbound states were calculated
to detect energetic divergences induced by conformational
changes during hormone binding.

To detect these binding-induced energetic changes, both
derived energy profiles were aligned using a multiple energy
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Figure 4: Scatter plots of pairwise energy profile distance scores (dScores), structure alignment scores (QScores), and sequence identities of
7 proteins and their homologs. See text for further information.

profile alignment algorithm (MEPAL) which has been
adapted from [42]. In the process, all given protein energy
profiles are aligned to each other which results in a distance
matrix with the corresponding dScores as matrix entries.
In the next step, hierarchical clustering is performed using
the unweighted pair-group method with arithmetic mean
(UPGMA) and the clustering steps, are recorded. Third,
according to the tracked clustering steps all energy profiles
are introduced in the progressive multiple energy profile
alignment using the same techniques as employed in the pair-
wise energy profile alignment. Thus, significant divergences
and similarities in multiple energy profiles can be detected.
Furthermore, this method allows the deduction of consensus
energy profiles and energy conservation. The energy at each
alignment column in the consensus profile is derived by
calculating the pairwise energy scores of all energies at this

particular position. The energy with the highest sum of these
scores is representing the consensus. The conservation is
derived by the sum of the pairwise energy scores and is
normalized by the theoretically best possible sum. Hence, the
optimal conservation in a column equals 1.0 [49].

2.5. Application of Energy Profiles to Aquaporin-2 and Its
Homologs. To investigate protein stability in aquaporin-2,
a MEPAL of close homolog aquaporins was calculated.
The proper proteins are aquaporin-4 (PDB ID: 3gd8),
aquaporin-1 (PDB ID: 1fqy), the homology model of
aquaporin-3 (template PDB ID: 3ldf), and the structure
model of aquaporin-2. The first model was retrieved from
the ModBase database and shows less quality than the
aquaporin-2 model (data not shown) but is appropriate for
further analysis.
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Figure 5: The multiple energy profile alignment (MEPAL) of V2R in bound and unbound state to AVP. Although being overall energetically
well conserved, three regions showing distinct energy differences can be detected. These regions correspond to residues involved in AVP
binding. This observation points to slight changes and rearrangements in the structure of V2R during the binding process.

2.6. Application of Energy Profiles to Aquaporin-2 and Two
Well-Described Mutants. For the comparison on the level
of energy profiles of aquaporin-2 mutants, two aquaporin-
2 models were generated by introducing the two mutations
D150E and G196D into the amino acid sequence. Since both
mutations are well described in literature [45], correlations
of protein energy/stability and experimental observations
can be developed.

The modeling of the two mutants was performed by
SwissModel [50, 51] using the aquaporin-2 model as tem-
plate structure. The energy profile of each resulting model
was calculated. A MEPAL of the energy profile of the wild-
type and the two modeled mutants was generated and inves-
tigated for significant differences. Additionally, the distance
tree of the energy profiles was computed by means of
UPGMA clustering on the basis of the energy profile distance
matrix.

3. Results and Discussion

The MEPAL output is separated in three parts. The upper
part visualizes the energy profile by coloring the residue one
letter codes by their energy. The middle section shows the
consensus profile. The conservation is illustrated in the lower
part.

The MEPAL of the V2R in bound and unbound state
to AVP revealed energetic divergences in the surroundings
of the amino acids Ala84 (Figure 5(a)), Ile130 (Figure 5(b)),
and Pro322 (Figure 5(c)). This indicates that these amino
acids are involved in hormone binding. Their mutations are
well described in literature and cause a loss in functionality
and hormone affinity [52–56]. This observation emphasizes
the quality of the modeled AVP-V2R complex and the coarse-
grained energy model discussed in this work. In conclusion,
the binding of AVP affects the stability and folding of the
structure in only a few spots with rather small structural
changes and rearrangements. Hence, this novel energy-
profile-based approach brought more evidence and data to

AQ3

AQ1

AQ2

AQ4

3.92

1.77

1.38

Figure 6: The distance tree computed by the energy profile
distance matrix of aquaporin-1, -2, -3 and -4 using the unweighted
pair group method with arithmetic mean (UPGMA). The energy
profiles of aquaporin-1, -2, and -4 show high similarities. The
longer distance of aquaporin-3 correlates with higher differences to
the energy profiles of the other aquaporins.

the functionality of V2R and the influences of the described
mutations.

The analysis of the distance tree generated by the
energy profile distance matrix of the investigated aquaporins
indicates high similarities between the energy profiles of
aquaporin-2 and aquaporin-4. The derived energy profile
distance of aquaporin-3 to the other structures corresponds
to significant but less similarity (see Figure 6).

The MEPAL alignment of the four aquaporins shows
several energetically highly conserved regions. Two of them
correspond to the opposite orientated Asn-ProAla motifs.
The MEPAL output of the surrounding area of the second
Asn-ProAla motif is shown in Figure 7. In this figure, the
second Asn-ProAla motif is highlighted by a red box.

The energetic conservation of these motifs and their
surrounding amino acids confirms the importance of these
residues in water transport. Additionally, the residues
Gly188 (highlighted by the right green star in Figure 7),
Phe56, Cys189, Ile191, and His180, which are involved in
water transport as well, show differences in sequential and
energetic conservation (not shown in Figure 7). In more
detail, the conserved amino acids Gly188 and Phe56 show
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Figure 7: Part of the MEPAL output of aquaporin-1, -2, -3, and -4. Highly sequence conservations are highlighted by red stars. Highlighted
by a red box, the second of the two Asn-ProAla motifs can be seen. For detailed discussion, see the text.
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Figure 8: The MEPAL output of the energy profile of the aquaporin-2 wild type and its two mutants D150E and G196D. The distance tree
derived by MEPAL indicates the distinct similarity of the energy profiles of the mutants (a). This is visualized by the MEPAL output (b).
In the regions, which surround the mutated residues, similarities in energy profile progression can be seen. Thus, it is supported that both
mutations affect protein stability and the transcellular water flux as described in literature [45].

slight or no differences at all concerning their energies.
Cys189 and Ile191 show no conservation in aquaporin-2,
-3, and -4; but these changes have no effect on the level of
energy profiles. His180 (highlighted by the left green star
in Figure 7) shows sequential and energetic conservation in
all aquaporins except aquaporin-3. We postulate that these
slight differences do not affect the water flux significantly.
A further point of interest lies in Arg195 (highlighted by
the red star in Figure 7). This residue is conserved in
all four proteins but varies energetically. These differences
arise from conformational changes of the residue and the
structural environment. Based on the facts we referred to
in Section 2.1.2, we postulate that these divergences between

aquaporin-1, -2, -3, and -4 lead to a changes in the
residue Gly188 and its surrounding residues influencing the
transport selectivity and the water flux. It also needs to
be said that the significant differences in the energy profile
progression between aquaporin-3 and the other structures
might result by the less reliable aquaporin-3 model.

The distance tree of the aquaporin-2 wild type and
its two modeled mutants (D150E and G196D) indicates
strong similarities between the energy profiles of the two
mutants (Figure 8(a)). This leads to the conclusion that
both mutants induce the same energetic, structural, and
functional changes. It needs to be addressed that automated
modeling techniques might not be sensitive enough to model
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single-point-mutated structures based on a template. Two
scenarios arise from these concerns. First, two differing
single-point-mutated models and the template differ in
structure significantly. Or, as the second scenario, both
models and the template show identical folds with respect
to backbone conformation and side-chain conformations as
well. In the first scenario, the resulting three energy profiles
would differ significantly from each other leading to a long-
branched, stretched distance tree. In the second scenario, the
pairwise comparison of all energy profiles would result to a
distance tree with very short branches indicating the given
high energy profile similarity. But as seen in the distance tree
of the aquaporin-2 wild type and its two modeled mutants
(Figure 8(a)), the energy profiles of the mutants match
very well and differ to the energy profile of the wild type
significantly. This is a strong indication that both models can
be assessed as modeled correctly.

While both mutations led to energetic variations in
the entire energy profiles, we focused our discussion on
the mutation sites (Figure 8(b), red arrows). The mutation
D150E induces an energetic increase of the two surrounding
residues, thus, decreasing the energetic conservation at these
positions (Figure 8(b), top). Interestingly, in this region, the
mutation G196D induces almost the same energetic increase
as D150E. At the mutation site of the modeled G196D
variant, the mutation induces only slight energetic diver-
gences in the sequentially surrounding residues (Figure 4(b),
bottom). Furthermore, in this region, the G196D mutation
leads to the same energetic variations as the D150E mutation.
Interestingly, both mutations do not affect the energetic
conservation of the Asn-ProAla motif (highlighted by a red
rectangle). Additionally, we point to the energetic changes
of G188, a residue involved in water transport (highlighted
by an orange arrow). Both mutations lead to an energetic
increase of Gly188 and reduce the energetic conservation in
these three investigated energy profiles. Thus, it supports the
findings that the mutations D150E and G196D affect the
transcellular water transport as described in literature [45].

4. Conclusion

We investigated the stability of membrane proteins involved
in NDI on the basis of theoretical assumptions. These
theoretical methods are based on the so-called energy profile
calculation which is demonstrated in this work. On the
basis of these stability analyses, we were able to enforce
evidence for water flux reduction induced by well-described
mutations of aquaporin-2. Furthermore, the correlation of
residue and energetic conservation of amino acids involved
in water transport was detected. Additionally, we focused
on selected point mutations in V2R and their influences
in hormone affinity. Based on our data, we were able to
enforce evidence described in literature. This indicates that
our approach can be successfully employed in the study
of other disease-linked membrane protein mutations. Espe-
cially, conserved energy profile regions were identified. In
general, this approach has proved its applicability regarding
similar biological questions.
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[1] G. E. Tusnády, Z. Dosztányi, and I. Simon, “PDB TM: selec-
tion and membrane localization of transmembrane proteins
in the protein data bank,” Nucleic Acids Research, vol. 33, pp.
D275–D278, 2005.

[2] G. E. Tusnády, Z. Dosztányi, and I. Simon, “Transmembrane
proteins in the Protein Data Bank: identification and classifi-
cation,” Bioinformatics, vol. 20, no. 17, pp. 2964–2972, 2004.

[3] P. W. Rose, B. Beran, C. Bi et al., “The RCSB Protein Data
Bank: redesigned web site and web services,” Nucleic Acids
Research, vol. 39, supplement 1, pp. D392–D401, 2011.

[4] A. Marsico, D. Labudde, T. Sapra, D. J. Muller, and M.
Schroeder, “A novel pattern recognition algorithm to classify
membrane protein unfolding pathways with high-throughput
single-molecule force spectroscopy,” Bioinformatics, vol. 23,
no. 2, pp. e231–e236, 2007.

[5] A. C. M. Jansen, E. S. van Aalst-Cohen, M. W. Tanck et
al., “The contribution of classical risk factors to cardiovas-
cular disease in familial hypercholesterolaemia: data in 2400
patients,” Journal of Internal Medicine, vol. 256, no. 6, pp. 482–
490, 2004.

[6] E. S. van Aalst-Cohen, A. C. M. Jansen, M. W. T. Tanck et al.,
“Diagnosing familial hypercholesterolaemia: the relevance of
genetic testing,” European Heart Journal, vol. 27, no. 18, pp.
2240–2246, 2006.

[7] M. Sultan, S. Werlin, and N. Venkatasubramani, “The preva-
lence and characteristics of genetic pancreatitis in children
with chronic and recurrent acute pancreatitis,” Journal of
Pediatric Gastroenterology and Nutrition. In press.

[8] G. L. Robertson, “Diabetes insipidus,” Endocrinology and
Metabolism Clinics of North America, vol. 24, no. 3, pp. 549–
572, 1995.

[9] S. Ananthakrishnan, “Diabetes insipidus in pregnancy: etiol-
ogy, eva luation, and management,” Endocrine Practice, vol. 15,
no. 4, pp. 377–382, 2009.

[10] R. Krysiak, I. Kobielusz-Gembala, and B. Okopien, “Recur-
rent pregnancy-induced diabetes insipidus in a woman with
hemochromatosis,” Endocrine Journal, vol. 57, no. 12, pp.
1023–1028, 2010.

[11] A. M. W. Van Den Ouweland, J. C. F. M. Dreesen, M. Verdijk
et al., “Mutations in the vasopressin type 2 receptor gene
(AVPR2) associated with nephrogenic diabetes insipidus,”
Nature Genetics, vol. 2, no. 2, pp. 99–102, 1992.

[12] W. Rosenthal, A. Seibold, A. Antaramian et al., “Molecular
identification of the gene responsible for congenital nephro-
genic diabetes insipidus,” Nature, vol. 359, no. 6392, pp. 233–
235, 1992.

[13] P. M. T. Deen, M. A. J. Verdijk, N. V. A. M. Knoers et al.,
“Requirement of human renal water channel aquaporin-2 for
vasopressin-dependent concentration of urine,” Science, vol.
264, no. 5155, pp. 92–95, 1994.

[14] S. M. Mulders, D. G. Bichet, J. P. L. Rijss et al., “An aquaporin-
2 water channel mutant which causes autosomal dominant



10 Computational and Mathematical Methods in Medicine

nephrogenic diabetes insipidus is retained in the golgi com-
plex,” The Journal of Clinical Investigation, vol. 102, no. 1, pp.
57–66, 1998.

[15] E. L. Los, P. M. Deen, and J. H. Robben, “Potential of
nonpeptide (ant)agonists to rescue vasopressin V2 receptor
mutants for the treatment of X-linked nephrogenic diabetes
insipidus,” Journal of Neuroendocrinology, vol. 22, no. 5, pp.
393–399, 2010.

[16] J. H. Robben, N. V. A. M. Knoers, and P. M. T. Deen, “Cell
biological aspects of the vasopressin type-2 receptor and
aquaporin 2 water channel in nephrogenic diabetes insipidus,”
American Journal of Physiology, vol. 291, no. 2, pp. F257–F270,
2006.

[17] C. Barberis, B. Mouillac, and T. Durroux, “Structural
bases of vasopressin/oxytocin receptor function,” Journal of
Endocrinology, vol. 156, no. 2, pp. 223–229, 1998.
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Niaudet, M. Déchaux, and C. Antignac, “Mutations in the
vasopressin V2 receptor and aquaporin-2 genes in 12 families
with congenital nephrogenic diabetes insipidus,” Journal of the
American Society of Nephrology, vol. 8, no. 12, pp. 1855–1862,
1997.


