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Abstract As computational resources increase, molecu-
lar dynamics simulations of biomolecules are becoming
an increasingly informative complement to experimental
studies. In particular, it has now become feasible to use
multiple initial molecular configurations to generate an
ensemble of replicate production-run simulations that
allows for more complete characterization of rare events
such as ligand-receptor unbinding. However, there are
currently no explicit guidelines for selecting an ensem-
ble of initial configurations for replicate simulations.
Here, we use clustering analysis and steered molecular
dynamics simulations to demonstrate that the configura-
tional changes accessible in molecular dynamics simu-
lations of biomolecules do not necessarily correlate with
observed rare-event properties. This informs selection of
a representative set of initial configurations. We also
employ statistical analysis to identify the minimum
number of replicate simulations required to sufficiently
sample a given biomolecular property distribution.
Together, these results suggest a general procedure for
generating an ensemble of replicate simulations that will
maximize accurate characterization of rare-event proper-
ty distributions in biomolecules.
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Introduction

Molecular dynamics (MD) simulations have been utilized
to model and gain mechanistic understanding of protein
behavior for over 30 years [1]. The timescale of MD
simulations has historically been much shorter than that of
experiments, but with increased computational capacity it
has become possible to perform both longer simulations
and more simulations. For example, it is now possible to
attain simulation durations for solvated proteins on the
timescale of physical events (micro-second timescales) [2,
3]. It is also now possible to conduct replicate simulations
that explore the variation as well as the magnitude of
biomolecular properties [4, 5].

MD studies primarily utilize a single, long-timescale
trajectory to draw conclusions about time-averaged biomo-
lecular properties [2, 6]. For investigation of time-averaged
properties, it is clear that a single long trajectory is desirable
and informative. However, MD simulations of proteins are
also used to investigate so-called “rare events” which occur
infrequently in a simulation trajectory, regardless of the
trajectory timescale. Rare events include ligand-receptor
unbinding, protein unfolding, or any large conformational
change. Rare event properties can display considerable
variation, and thus should be measured as ensemble
averages over many events. Therefore, for simulations to
accurately characterize rare event properties in physical
experiments or phenomena, they must be able to sample the
property distribution resulting from multiple events. One
straightforward way to sample a property distribution in
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molecular simulations is to perform an ensemble of
replicate production-run simulations, each with a different
initial configuration, and observe the resulting distribution
in behavior. Some researchers have begun to use multiple
initial configurations for replicate simulations [4, 5];
however, two major questions have not been explicitly
addressed in the literature. First, how should an ensemble of
representative initial configurations be chosen? Second,
how many replicate production-run simulations are neces-
sary to characterize molecular property distributions with-
out incurring excessive computational expense?

Selecting an ensemble of representative initial config-
urations generates a third, more fundamental question: can
we expect there to be a discernable relationship between the
minute configurational changes accessible in MD and the
functional biomolecular properties of interest? The concept
of a direct relationship between structure and function is
essential to protein science. If configurational differences
can be correlated directly with changes in properties, then a
method of selecting an ensemble of initial configurations
must reflect this correlation. This ensures that that the
simulations utilizing these configurations will appropri-
ately sample the property distribution of interest.
However, it is unclear what kind of relationship will
exist between the subtle, sub-nm configurational differ-
ences among a set of configurations selected from an
ostensibly equilibrium MD trajectory and the biomolec-
ular properties inferred from production-run MD simu-
lation. Two recent studies highlight this question and
suggest that the answer may depend on the particular
biomolecular system of interest. MD simulations de-
scribed by Dastidar et al. showed that multiple config-
urations of p53 peptides in complex with the protein
MDM2 yield the same binding affinity [7]. In contrast,
experiments reported by Coureux et al. showed that very
small configurational differences (<0.1 nm root-mean
square displacement) separate active and non-active
states of a photoreceptor protein [8], indicating that
photoreceptor function varies with sub-nm configurational
changes.

Here, we address these three questions through a
combination of clustering analysis, replicate steered
molecular dynamics (SMD) simulations, and statistical
analysis. We focus on a particular rare-event: unbinding
of a biotin ligand from a streptavidin receptor, as studied
through SMD simulations. This ligand-receptor complex
of high binding affinity and long binding lifetime is
widely studied through both experiments and simulations
[9–15]. Unbinding occurs only once in each simulated
trajectory, and our rare-event property of interest is the
rupture force FR, defined as the maximum force observed
in each unbinding trajectory. We note that the loading
rates accessible for large solvated proteins with current

computational resources typically exceed those used in
forced unbinding experiments, such that simulated FR

values cannot be extrapolated quantitatively to experimen-
tal loading rates [16]. However, computational character-
ization of the FR distribution is of interest for the purposes
of accurately comparing rare-event behavior under different
conditions (e.g., mutated vs. wild-type receptors). We
demonstrate a method for testing correlation between
configuration and rare-event properties in any biomolec-
ular system, and offer an approach for selecting an
ensemble of initial configurations for atomistic simulation
of rare-event properties in the absence of configuration-
property correlation.

Methods

The biotin-streptavidin tetramer (PDB ID 1STP [17]) was
simulated at 300 K in explicit water for 101 ns using the
GROMACS molecular dynamics package, version 3.3 [18,
19], as described previously [20]. The portion of the
equilibration trajectory with t > 15 ns was determined to
have begun exploring its equilibrium phase space in at least
a local minimum, as calculated by our previously described
protocol [20]. Every five frames of this portion of the
equilibration trajectory were used as input for clustering
analysis, for a total of 489 configurations. The GROMACS
tool g_cluster was used for single linkage hierarchical
clustering, and clusters with at least 10 members were
chosen for SMD simulations. The similarity measure for the
clustering algorithm used here was the root mean square
deviation (RMSD) of residues after least squares fitting
between pairs of configurations. A configuration was
assigned to a cluster if its RMSD with respect to any
cluster member was within a cutoff, and the cluster centroid
was defined as the member with the lowest average RMSD
with respect to all other cluster members. The RMSD cutoff
cRMSD was chosen in order to produce ~10 clusters with at
least 10 members each. RMSD cutoff for each clustering
group: whole complex, cRMSD=7.5 Å; occupied binding
pocket, cRMSD=3.5 Å; unoccupied binding pocket, cRMSD=
2.5 Å. SMD simulations of forced biotin dissociation from
the streptavidin receptor were performed as previously
described [21]. The biotin was displaced via a Hookean
spring of spring constant k = 1686 kJ mol-1 nm-2 (2.8 N/m)
with a velocity v ¼ 0:8 m=s

To find the mean and standard deviation σ of each
distribution of rupture forces, we fit the linear portion (0-
80%) of the cumulative distribution function (CDF) to a
straight line. The rupture force distribution for a single
ligand-receptor complex is expected to be approximately
Gaussian [22], and by Taylor expansion of the Gaussian
CDF, the slope of the best fit line can be approximated as
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1/(σ(2π)1/2). The mean was calculated as the force value
for which the CDF equaled 50%. We were able to use
the non-symmetric interval 0-80% due to the presence of
a cutoff function at non-zero force caused by the added
harmonic potential in SMD [23].

Results

Using clustering analysis to test for a configuration-
property relationship

We used clustering analysis as a tool to enable testing
for a correlation between initial configuration and output
property FR. Clustering analysis is a well-established tool
for identifying distinct configurational groups within an
MD trajectory [24–32], but to our knowledge it has not
previously been applied to testing for functional differ-
ences among the configurational subsets.

All initial configurations considered in this study were
selected from a single MD “equilibration trajectory” of
101 ns duration. Note that our use of the phrase
“equilibration trajectory” implies only that the protein has
begun exploring its equilibrium phase space, as determined
by our previously described protocol [20] and that this
equilibration trajectory is only used to generate and identify
initial configurations as distinct starting points for
production-run SMD simulations.

We applied a clustering algorithm to divide the
frames of the equilibration trajectory into configuration-
ally similar subsets, termed clusters. Because it is not
clear which residues might capture configurational
information that correlates with rupture force, we used
three different groups of residues for the similarity
metric in the clustering algorithm: (i) all atoms of the
streptavidin tetramer with four bound biotin molecules;
(ii) the streptavidin binding pocket [13, 17, 33] inclusive
of the biotin ligand; and (iii) the binding pocket exclusive
of the biotin ligand. The centroid (most representative
configuration) of each cluster was also identified.

From the clustering results, we selected four groups
of configurations to be used as input into SMD
simulations: the set of cluster centroids that resulted
from each similarity metric (three groups) as well as all
of the configurations comprising one single cluster from
each similarity metric (one group). This last criterion,
including all the members of a cluster for each of the
three similarity metrics, resulted in one group instead of
three because it happened that this single cluster
coincidentally contained the same configurations regard-
less of the similarity metric. The configurations within a
single cluster are necessarily more similar than the set
of centroids from different clusters.

All SMD simulations of forced biotin unbinding from
the streptavidin receptor were conducted under otherwise
identical conditions, including timescale, loading rate,
spring stiffness, and spring velocity (see Methods). If the
initial bound configuration were correlated with FR of the
complex, the set of all configurations from within a single
cluster should result in a narrower distribution of rupture
forces than the distribution observed for the set of cluster
centroids (Fig. 1a). However, in our simulations, the
distribution of rupture forces for a single cluster is at least
as wide as that of the cluster centroids, regardless of the
group used for the similarity calculation (Fig. 1b). There-
fore, in this system, configurational similarity does not
necessarily lead to similar rupture forces, indicating that the
initial bound configuration does not correlate with or
predict the force required to rupture the complex.

We also performed a set of SMD simulations using a
single initial configuration but varying the randomly
assigned initial velocities of the atoms (Fig. 1b). The
distribution of rupture forces in this subset was approxi-
mately the same as that obtained for the subsets that
differed in initial configuration, underscoring the point
that initial configuration does not correlate with FR.
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Fig. 1 (a) Hypothetical clustering results in the case that a correlation
exists between initial bound configuration and output rupture force
FR. Filled circles denote cluster centroid rupture forces and dashes
denote rupture forces for configurations within each cluster, with
individual clusters indicated with brackets. (b) Clustering results with
centroids from three different groups used for similarity calculation:
Group 1: streptavidin tetramer plus four bound biotin molecules (filled
circles); Group 2: streptavidin binding pocket plus one bound biotin
molecule (squares); Group 3: streptavidin binding pocket (triangles).
Dashes denote FR values for configurations within a single cluster.
This same set of configurations comprised one full cluster for each of
the three clustering metrics used. Open circles denote FR values for a
single initial configuration with varied initial atomic velocities. Inset
shows a representative force vs. reaction coordinate (χ) trace. Even
considering three different similarity metrics, we find no evidence to
support a correlation between initial configuration and rupture force
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Necessary number of replicate simulations

The goal of conducting replicate atomic simulations with
multiple initial configurations is to characterize a property
distribution of interest. In this study, forced unbinding
simulations were conducted on 53 different initial config-
urations (total number of configurations in the four groups
selected after clustering). This is similar to the number of
unbinding measurements recommended for forced unbind-
ing experiments [34], and is assumed to be sufficient for
reliable characterization of the rupture force distribution.
However, it is possible that this characterization could have
been done more efficiently with fewer simulations. To
investigate how many replicate simulations are necessary to
reliably represent the full rupture force distribution, we
generated 200 subsets of N rupture force values randomly
selected from the full set of 53, where N ranged from 4 to
40. We then used a two-tailed t-test to identify subsets that
appeared to sample a statistically different distribution
(p<0.05) than the full set of rupture forces and would
therefore lead to incorrect characterization of the rupture
force distribution. As shown in Fig. 2 for N=4, 75% of the

randomly generated distributions were statistically signifi-
cantly different from the full distribution, while for N≥30,
none of the randomly generated distributions were statisti-
cally significantly different from the full distribution.

Discussion

Lack of configuration-property correlation

We found no evidence for correlation between the initial
bound configuration and the measured rupture force of
the biotin-streptavidin complex. However, a correlation
between configuration and rare-event properties would
be expected from the idealized, conceptual depiction of
the energy landscapes that govern protein behavior [35].
The energy landscape along a rare-event reaction coordi-
nate is typically depicted as smooth and one-dimensional
(Fig. 3b). A small change in initial configuration would
result in a small change in the energy barrier, leading to
small changes in energy-dependent properties such as
rupture force.

In contrast to this idealized depiction, there is evidence
in the literature that the energy landscapes that govern
protein behavior are highly dimensional and extremely
rough on small length-scales (Fig. 3a) [15, 17, 36, 37]. The
lack of correlation between initial configuration and
simulated property is consistent with a rough, multi-
dimensional energy landscape. Recently, Rico and Moy
performed a molecular dynamics study of the biotin-
streptavidin system and concluded that in a rough, one-
dimensional energy landscape, complexes with similar
initial configurations may have very different initial
energies, leading to different energy barriers and therefore
to differences in property values [15]. This is also
consistent with the recent experimental study of
configuration-dependent properties of photoreceptor pro-
teins by Coureux et al. [8].

Here, we extend this argument to multiple dimensions,
as even a rough one-dimensional reaction coordinate is not
sufficient to explain the protein behavior observed in our
molecular dynamics simulations. In a rough one-
dimensional energy landscape, the transition state is fixed
at the point of highest energy, but in multiple dimensions,
the transition state is variable because there is roughness in
the saddle point as well as in the energy wells. Thus, initial
configurations with nearly identical initial energies can lead
to trajectories with different energy barriers (Fig. 3c).
Multiple dimensions also allow for variation in the
direction of movement from a single configuration, mean-
ing that identical initial configurations with different sets of
initial atom velocities (i.e., multiple instances of a given
configuration) may follow divergent trajectories (Fig. 3c).
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Fig. 2 The full set of 53 rupture forces was split into randomly
generated subsets of size ranging from N=4 to N=40. The rupture
force distribution of each subset was compared to the distribution of
the full set of 53 rupture forces. The percentage of subsets that were
statistically different (p<0.05) than the full set of rupture forces is
plotted here for each N. Inset shows a representative cumulative
distribution function with best fit line to the points between 0-80%.
The best fit line was used to find the mean (μ) and standard deviation
(σ) of the distribution as shown. Consistent with many other fields, a
set of 30 samples seems to consistently reproduce features of the
original property distribution
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Given that many protein interactions are reasonably
described by a rough, multi-dimensional energy landscape
[15, 27, 31, 32], we anticipate that this lack of
configuration-property correlation will be observed for
other rare event properties and other protein systems.
However, if differences among configurations increase as
phase space sampling increases (longer simulation time-
scale), or if energy landscape roughness decreases (system-
dependent), it is possible that correlations will exist.

Testing for a correlation between initial configuration
and output property informs the selection of a representa-
tive set of configurations for production-run simulations. If
configuration is not correlated with the observed property,
then no particular configuration is more representative than
any other; thus, any subset of configurations will randomly
sample the underlying distribution of the observed property.
For example, configurations generated from equally spaced
timepoints, as used by Paci et al. and Curcio et al. [4, 5] for
simulation of a hapten-antibody complex, would be a valid
choice to ensure appropriate sampling.

Necessary number of replicate simulations

To efficiently characterize the underlying distribution of a
biomolecular rare-event property, one should consider how
many replicate samples are required. A statistical rule of
thumb, used in fields as diverse as economics and
epidemiology, is that approximately 30 samples are needed
to adequately characterize the mean of an underlying
distribution because, with N≥30, the sampling distribu-
tion approaches a normal distribution centered on the
mean of the underlying distribution. This is true regardless
of the shape of the underlying distribution, and has been

demonstrated in a wide variety of applications [38]. Our
results from randomly generated subsets of size N=4 to
N=40 are consistent with this and represent the first
application of this concept to molecular simulation.
Although we have only explicitly demonstrated this for
one particular biomolecular system, the consistency with
results from other disciplines suggests that this result will
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hold true for simulations of rare events in other biomo-
lecular systems as well. Therefore, we predict that at least
30 replicate simulations will be necessary to ensure
adequate characterization of an observed biomolecular
property.

As expanding computational capabilities make it in-
creasingly tractable to perform multiple simulations of rare-
events, the atomistic simulation community should consider
the procedures necessary for performing and analyzing
replicate simulations. We suggest the following approach,
schematically outlined in Fig. 4. First, one can use
clustering analysis to test the relationship between initial
configuration and the simulated rare-event property of
interest, as demonstrated in this work. This includes
applying a clustering algorithm to an equilibration MD
trajectory, conducting production-run simulations on the set
of cluster centroids and every member of a single cluster,
and comparing the resulting property distributions. If there
is no correlation between initial configuration and measured
property (as we anticipate to be the case for protein systems
with rough energy landscapes under current computational
limitations), then any set of 30 configurations will
randomly sample the property distribution and can be used
for characterization. Note that some or all of these 30
configurations could be the same as those employed to test
for a configuration-property correlation, improving compu-
tational efficiency. If 30 simulations are not computation-
ally tractable, one can then consider means to determine
appropriate confidence intervals associated with calculated
property values.

However, if a configuration-property correlation exists
(indicated by the observation that the property distribution
exhibited by a single cluster is significantly narrower than
that exhibited by the set of cluster centroids), the cluster
centroids may be representative initial configurations for
characterizing the property distribution of interest and must
be weighted appropriately to account for cluster size. This
consideration is beyond the scope of the current study.

Comprehensive atomistic simulation of rare events in
biomolecular dynamics requires a new but tractable
consideration of configurational replicates. The results
presented here demonstrate a detailed procedure for
performing replicate molecular dynamics simulations that
will enable researchers to effectively characterize distri-
butions of rare-event properties through computational
simulation.
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