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ABSTRACT: To identify basic local backbone motions in unfolded chains, simulations are performed for a
variety of peptide systems using three popular force fields and for implicit and explicit solvent models.
A dominant “crankshaft-like” motion is found that involves only a localized oscillation of the plane of
the peptide group. This motion results in a strong anticorrelated motion of theΦ angle of theith residue
(Φi) and theΨ angle of the residuei - 1 (Ψi-1) on the 0.1 ps time scale. Only a slight correlation is
found between the motions of the two backbone dihedral angles of the same residue. Aside from the
special cases of glycine and proline, no correlations are found between backbone dihedral angles that are
separated by more than one torsion angle. These short time, correlated motions are found both in equilibrium
fluctuations and during the transit process between Ramachandran basins, e.g., from theâ to theR region.
A residue’s complete transit from one Ramachandran basin to another, however, occurs in a manner
independent of its neighbors’ conformational transitions. These properties appear to be intrinsic because
they are robust across different force fields, solvent models, nonbonded interaction routines, and most
amino acids.

All biological processes are perforce dynamical events.
Local and global conformational changes are crucial to many
of the biological functions performed by proteins. Since
protein motions occur on a wide range of time scales (from
subpicoseconds to seconds), they have been probed using
many different experimental and theoretical techniques.
However, relatively little attention has been devoted to
elucidating the nature of the local changes (1-8), in spite
of the fact such changes significantly contribute to most
conformational transformations.

The geometry of a protein backbone is largely described
by a pair of backbone dihedral angles,Φ and Ψ. A third
torsion angleω exists between the amide nitrogen and
carbonyl carbon, but this angle is essentially fixed at 180°
due to the partial double bond character of the bond between
the nitrogen and oxygen. If the protein backbone were rigid,
a change in either of theΦ or Ψ angles would pivot a large
portion of the protein, moving each atom by an amount
proportional to its distance from the axis of rotation. In a

protein consisting of hundreds of amino acids, this rotation
would involve a huge displacement of the protein and would
be strongly prohibited due to inertial and viscous drag.
Hence, such large-scale motions do not occur.

To alter the dihedral angles while avoiding a huge
unfavorable displacement, several folding models have
utilized crankshaft motions, cooperative motions involving
three neighboring torsion angles in which all other torsion
angles remain relatively unperturbed (1, 7, 9-12). Through
this crankshaft motion, neighboring residues cooperate to
eliminate large-scale motions, long-range steric clashes, and
excessive viscous or inertial drag caused by moving large
portions of the protein through the solvent. However, whether
cooperative crankshaft motions that eliminate huge displace-
ments exist remains unclear. Simulations of synthetic poly-
mers demonstrate the lack of a link between dynamical chain
cooperativity and crankshaft motions (3, 13, 14). Instead,
the simulations find that some macromolecules achieve the
chain cooperativity necessary to avoid excessive displace-
ments without crankshaft motions (3, 13, 14). The conditions
under which crankshaft motions might persist remain unan-
swered for proteins.

Local moves are essential to any motion where long-range
displacements must be avoided. Theoretical investigations
have considered the types of movements required to leave
long-range structure unperturbed (15, 16). These local
movements have been used to model the dynamics of protein
backbones in an effort to make Monte Carlo conformational
searches more efficient (16, 17). In addition to strictly local
crankshaft moves, these studies also utilize longer-range
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motions involving several residues to avoid large, unphysical
displacements of the chain by rotating multiple interior
residues’ dihedral angles in such a manner that the ends of
the loop are constrained to their initial positions.

Evidence of the presence of anticorrelated motions of the
backbone torsion angles (∆Φi and∆Ψi-1) has appeared in
normal mode analyses for alanine and glycine in helical
structures (1). More recently, these correlations have been
observed in several simulations of proteins, which find that
this anticorrelation is part of a crankshaft motion in which
more distant torsion angles are uncorrelated (2, 4-7, 18-
20). However, these computational studies are performed
using molecular dynamics simulations that are too short to
ensure sufficient equilibration of the trajectories (presumably
due to computational limitations). In addition, recent simula-
tions demonstrate that different force fields yield strikingly
different results for the backbone dynamics of small peptides
(21-25). It is, therefore, important to reexamine these types
of motions in a more general and systematic context.

Very recently, structure refinement using heteronuclear
NMR relaxation measurements has detected evidence of local
crankshaft motions that involve anticorrelations between the
motions of torsion anglesΦi andΨi-1 (26). Simulations using
experimental constraints find that to a large degree, crank-
shaft motions exist across the entire protein backbone, with
only a few regions exhibiting a lack of this correlated mode
of motion.

Here we delineate the conditions under which crankshaft
motions are present by performing simulations with modern
force fields and various solvent models to test the degree to
which these motions are ubiquitous in protein backbone
dynamics. Our simulations consider three popular force
fields, a variety of nonbonded interaction routines, and both
implicit and explicit solvent models. Simulations are per-
formed using a variety of amino acid sequences, thereby
enabling a comparison of how the different force fields and
solvent models describe the correlated motions and other
dynamic and equilibrium properties. Finally, we discuss the
implications of our findings.

METHODS

Simulation Protocol.Computer simulations are run for a
variety of sequences, force fields, solvation models, and
nonbonded interaction routines. The sequences are chosen
to test whether there is a dependence on the number and
type of residues. Simulations of an alanine7 (Ala7) and an
alanine20 (Ala20) chain are used to test the influence of peptide
length. A heteropolymer (EDEVARLKKLLW) is investi-
gated because it both has sequence heterogeneity and is short
in length while possessing significant helical structure
according to circular dichroism measurements (27). This
helical structure is important for observing numerous transi-
tions involving theR-basin, which are found to be much
rarer thanâ T Polyproline II (PPII) transitions in the Ala7
and Ala20 oligomers. Because proline and glycine behave
rather differently compared to other residues, simulations
have also been run for a proline7 (Pro7) and a glycine7 (Gly7)
chain. All peptides are amino-acetylated and carboxy-
amidated to eliminate charges at the termini.

Langevin dynamics (LD) simulations of these sequences
have been probed using the implicit solvent model developed

by Shen and Freed (28, 29) which has been tested by
comparison with explicit solvent simulations. The all-atom
LD simulations proceed by solving the Langevin equation

whereubi is the velocity of atomi, úi is its friction coefficient,
mi is its mass,ABi(t) is the random force acting on atomi,
and U is the energy function. These simulations are
performed with several different energy functions as de-
scribed below. In general, the energy function is a combina-
tion of an all-atom force field that represents the solute-
solute interactions and implicit solvation terms which attempt
to reproduce the influence of the solvent. These energy
functions are given by

such that the total potential is

The energy function,Usolute, is henceforth termed the force
field. We use several commonly used force fields, namely,
CHARMM27 (30), all-atom OPLS (31), and Garcia and
Sanbonmatsu’s GS-AMBER94 (24). Differences between
these force fields result in different equilibriumΦ and Ψ
distributions, as well as in the prediction of different
dynamical properties (21). All three force fields utilize
individual energy terms of the form

whereb is the bond length,θ is the bond angle,ø is the
improper torsion angle,φ is the torsion angle, theK values
are the respective force constants, and the subscript o
indicates an equilibrium value. The parametern in the torsion
potential is the multiplicity, andδ is the phase. The van der
Waals potential containsεij (the well depth),σij (the Lennard-
Jones diameter), andr (the nonbonded distance). The
difference between force fields enters through the values used
for the parameters in these energy terms. In particular, the
coefficients used in the torsion potential differ strongly in
these force fields. Previous work catalogues these differences
and discusses them in detail (21).
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The solvation potentialUsolventdefines the implicit solvent
model. The first term of this energy function is a screened
Coulomb potential of the form

whereε(rij) is a Ramstein-Lavery style distance-dependent
dielectric “constant” (32) and theqi values are atomic partial
charges. This distance-dependent dielectric constant is given
by

whereD∞ is the bulk dielectric constant of water,Do is the
limit at small distances, andSis a sigmoidal parameter which
can be adjusted to optimize agreement with experiment or
explicit solvent simulations. We use the following param-
eters: D∞ ) 78.5,Do ) 1, andS ) 0.3.

The second term of the solvation model uses the Ooi-
Scheraga solvent-accessible surface area (SASA) potential
(33), which is of the form

where σi is the accessible surface area of a hypersurface
bisecting the first solvent shell surrounding protein atomi
andgi is an empirical (free energy) parameter dependent on
atom type.

All implicit solvent simulations fix the temperature at 300
K using the random force, and the simulation is performed
using a modified, speed-enhanced (34) TINKER molecular
mechanics package (http://dasher.wustl.edu/tinker/). Integra-
tion proceeds using the Verlet algorithm (35) with an
integration step of 2 fs and coordinates retained every 0.1
ps. The lengths of all bonds involving hydrogen are frozen
using the RATTLE algorithm (36), and nonbonded forces
are computed using the FAST-LD routine (37). The frictional
forces and random forces are computed using the Pastor-
Karplus accessible surface area model (38) with the experi-
mental solvent viscosity of 0.89 cP. Finally, accessible
surface areas, atomic friction coefficients, and solvation
potentials are updated every 0.2 ps. Unless otherwise noted,
all implicit solvent simulations are 30 ns in duration.

A 30 ns explicit solvent simulation for Ala7 uses conven-
tional nonbonded interactions, the TIP3P model for water
(39),andtheCHARMM32(40)packagewith theCHARMM27
force field (30). The protein is solvated with a box of TIP3P
molecules with a length of 40 Å per side and with periodic
boundary conditions. A nonbonded cutoff of 12 Å is imposed
with the force shift technique beginning at 8 Å (41). The
protein is maintained at the center of the solvation box by
fixing the coordinate of theR-carbon on the fourth amino
acid, and the lengths of all bonds involving hydrogen are
held constant using the SHAKE algorithm (42). Integration
proceeds with the Verlet algorithm. The integration step is
1 fs, and coordinates are saved every 0.1 ps. The temperature
is maintained at 300 K by rescaling velocities every 100 fs.

A 30 ns gas phase MD simulation of Ala7 with all
nonbonded interactions retained is performed using a modi-
fied version of the TINKER package by removing all solvent
effects, i.e., by setting the dielectric constant to 1 and by
dropping the SASA term as well as the viscous drag and
random forces. The temperature is again fixed at 300 K using
the Berendsen thermostat with velocities rescaled every 100
fs. The integration step is 2 fs, and coordinates are retained
every 0.1 ps.

Implicit solvent simulations have also been run using
several different choices for the treatment of nonbonded
interactions to probe the range over which correlated
backbone motions may persist. The notation Nm indicates
that nonbonded interactions of theith residue are computed
only using residues in the range fromi - m to i + m.
Simulations are performed using N1-N4 and N∞ nonbonded
interaction schemes for the Ala7 system, where the notation
N∞ corresponds to the full retention of nonbonded interac-
tions. Simulations of the heteropolymer (EDEVARLKKLLW)
are performed using both the N2 and N∞ nonbonded
interaction schemes. The simulations of homopolymers Pro7

and Gly7 are simulated only using the N2 nonbonded
interaction scheme.

The longest simulation of 200 ns for Ala7 uses the GS-
AMBER94 force field, our implicit solvent model, and the
N2 nonbonded interaction scheme. This simulation is used
in the discussion unless otherwise specified because it
provides the best statistics, especially for basin hopping
transitions. The other simulations provide extensive checks
that demonstrate the consistency of the results deduced from
this primary simulation.

Basin Populations and Transitions.The backbone dihedral
anglesΦ andΨ preferentially adopt certain ranges of values
generically termed Ramachandran basins. Often, the Ram-
achandran basins are defined such that five basins completely
fill the plane (Figure 1). However, these basin areas are larger
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FIGURE 1: Conventional Ramachandran map.
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than those we use when considering basin transitions. In the
latter case, only the core of each basin is used to specify the
basin to ensure the examination of authentic basin-to-basin
transitions instead of fluctuations near the boundary between
basins. To identify these core regions, Figure 2A displays
the Ramachandran basin populations observed in a 2 ns
segment of the explicit solvent trajectory. This explicit
solvent simulation (which includes all nonbonded interac-
tions) indicates the presence of three well-defined and
isolated minima that correspond to theR, â, and PPII basins.
The core regions of the basins are defined by choosing
boundaries so that at least 90% of the population is included
in one of the basin cores, while the separation between basin
cores is large compared to fluctuations within a basin core
(Figure 2B). The basin core definitions are obtained using a
short segment of the trajectory because after a sufficiently
long time, Ala7 becomes helical, and theR-basin is domi-
nantly populated. Hence, using the entire trajectory obscures
the minima of theâ and PPII basins. Consequently, the
particular 2 ns segment is chosen as one in which all three
basins are well-populated.

We now define the basin transitions. If a residue is in basin
A at time t0, enters basin B at timet1, and does not traverse
any other basin between these two times, the residue is said
to have undergone a transition from A to B at timet1.

RESULTS AND DISCUSSION

Influence of Nonbonded Interactions on Ramachandran
Populations. Nonbonded interactions strongly influence
peptide stability and kinetics. This paper is concerned with
local correlations that occur due to constraints imposed by
the local protein geometry. Conclusions based on simulations
that include all nonbonded interactions pose uncertainty about
whether the observed correlations arise from local or nonlocal
effects. Therefore, separate simulations are performed using
a full treatment of nonbonded interactions and using a
reduced treatment that is designed to focus on backbone
motions in the absence of long-range interactions. The
reduced treatment uses a modified potential that incorporates
only the sequence-local portion of the nonbonded interac-
tions. This type of reduced treatment is well-known in

polymer physics to correspond to describing the idealθ state
in which the polymer-solvent interactions effectively offset
the nonbonded interactions (43-45) so that only the short-
range interactions along the chain persist. Theθ state is thus
useful for focusing on local structure and dynamics. Hence,
our use of the reduced treatments is in the spirit of studying
properties underθ conditions.

The notation Nm signifies that the reduced description
ignores nonbonded interactions for residues that are more
distant than(m residues in the primary sequence. Simula-
tions using N1, N2, or N3 interactions inhibit secondary
structure formation. Consequently, stable long-range structure
in the peptide is absent, thereby enabling the peptide to
undergo more frequent conformational transitions. In the
simulations for Ala7, for example, the peptide rapidly adopts
a helical conformation when all nonbonded interactions are
included, but it remains a statistical coil for the N1-N3
models. Figure 3 displays the populations in the form of
Ramachandran maps from implicit solvent simulations for
Ala20 using the N1-N4 interaction schemes with the GS-
AMBER94 force field.

Despite differences in Ramachandran populations, the
same correlated local motions are found for the N1-N∞
simulations (i.e., neighbor-only through all residue non-
bonded interaction models). Because we find the same
correlated motions independent of the manner in which
nonbonded interactions are treated, of the amino acids, of
the solvent model, and of the force field, this section
illustrates the general behavior of the correlated backbone
motions from N2 simulations for which the longest trajec-
tories and hence the best statistics are available. This N2
nonbonded interaction routine maximally reduces the influ-
ence of the tertiary nonbonded interactions because the choice
allows the largest degree of conformational freedom while
still maintaining the three strongly populated basins. Thus,
all results from the N2 simulations are a consequence of
locally determined transitions and not of interference from
the long-range interactions present in secondary structures.
This choice is consistent with our focus on fundamental

FIGURE 2: (A) Ramachandran populations obtained from a 2 ns
trajectory from an explicit solvent simulation of Ala7 using the
CHARMM27 force field and TIP3P explicit solvent. This illustra-
tive trajectory is chosen because all three basins are well sampled,
although the populations from this portion do not correspond to
equilibrium basin populations. The minima obtained from this
distribution are used to specify the core of each basin. The
populations are averaged over all residues. (B) Basin definitions
used to discuss transition rates. The cores of theâ, PPII, andR
basins are labeled. FIGURE 3: Probability distribution of the Ramachandran map for

Ala20 obtained using the implicit solvent model with the GS-
AMBER94 force field: (A) N1, (B) N2, (C) N3, and (D) N4
nonbonded interaction schemes.
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backbone motions. The reduced nonbonded interaction
routines are compared with a full treatment of nonbonded
interactions in a figure in the Appendix, where the results
for this full treatment are summarized Table 4. This
demonstrates that the conclusions concerning correlated
motions are the same independent of nonbonded interaction
model. The Appendix also contains a comparison of the
results obtained from different force fields and solvent
models.

Description of ObserVed Motions in Ala7. Correlated
motions between backbone torsion angles are analyzed by
computing the correlation coefficientσ(∆R,∆â)

whereR andâ are dihedral angles (of the same or different
residues) and∆R denotes the change in angleR between
consecutive frames in the trajectory. Unless otherwise noted,
the time between consecutive frames in the trajectory is 0.1
ps. Some calculations consider the change in torsion angles
over the finer time scale of 1 fs to probe the degree to which
the crankshaft motion is concerted. Figure 4 displays the
correlation coefficients from the simulation of Ala7 with
implicit solvent, the GS-AMBER94 force field, and N2
interactions for each pair of torsion angles. All correlations
not on the supradiagonal (matrix elementsAi,i-1), diagonal
(matrix elementsAi,i), or superdiagonal (matrix elements
Ai,i+1) are statistically insignificant. Hence, long-range cor-
relations are absent. Because the only relevant correlations
are motions between neighboring torsion angles for residues

j and j - 1, these correlations lie on the superdiagonal of
the matrix. The diagonal of the matrices always presents a
perfect correlation since the two angles examined are
identical. Also, note that the matrix is symmetric by
construction.

We begin by examining the correlations between theΦ
andΨ angles of the same residue. The intraresidue correla-
tions and inter-residue correlations occur in an alternating
pattern along the superdiagonal of this matrix. The intraresi-
due correlations are seen to be quite weak and in many cases
are vanishingly small. More explicitly, the correlation
coefficients for neighboring torsion angles of the same
residue lie in the range of-0.11 to-0.05. For the fourth
residue of Ala7, the correlation coefficient between∆Φ4 and
∆Ψ4 is -0.10 (Figure 5A,B). There is thus a very slight
anticorrelation of motions between∆Φ4 and∆Ψ4 which can
be discerned by a slight clustering of the data around a
negative diagonal. However, this correlation is very small
and is essentially zero for some residues. An error estimate
for the correlation coefficientσ(∆Φi,∆Ψi) is obtained by
decomposing the last 5 ns of the trajectory into 1 ns windows.
The intraresidue correlation coefficient is calculated for each
window and ranges from-0.05 to 0.06. Therefore, those
correlations with absolute magnitudes of<0.05 are deemed
to be statistically insignificant.

We next examine the relationship between theΦ angle
of the ith residue and theΨ angle of residuei - 1, which
exhibits a well-defined anticorrelation. This neighbor cor-
relation barely varies along the peptide chain, with a range
of only -0.68 to-0.67. Panels C and D of Figure 5 depict
this anticorrelation by plotting∆Φ4 versus ∆Ψ3. The
dominance of this anticorrelation is shown below to be quite
general in peptide dynamics. An error analysis demonstrates
that the neighbor correlations from separate windows vary
only between-0.68 and-0.67, and consequently, the error
is negligible compared to the magnitude of the correlation.

The observed correlations involve localized cooperative
motions that eliminate long-range chain displacements and
that represent a type of crankshaft motion. These correlations
are readily understood physically as oscillations of the plane

FIGURE 4: Graphical representation of the correlation coefficients
for movements of the torsion angles of Ala7 using the implicit
solvent model, the GS-AMBER94 force field, and N2 interactions.
The motion of a torsion angle is quantified as the change the torsion
angle undergoes in 0.1 ps. Thex- andy-axes represent torsion angles
(i.e., 1 forΦ1, 2 for Ψ1, 3 for Φ2, etc.). Red indicates anticorrelation,
and blue designates positive correlation. All statistically insignificant
correlation coefficients have been set to zero.

σ(∆R,∆â) )
〈(∆R)(∆â)〉

x〈(∆R)2〉〈(∆â)2〉

FIGURE 5: Change in theΦ4 andΨ4 angles of the fourth residue
of Ala7 shown through (A) a scatter plot and (B) a probability
distribution. Panels C and D are the same, respectively, except for
the change inΦ4 and Ψ3. Changes in this figure are calculated
over 0.1 ps.
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of the peptide group (Figure 6A). Because the peptide group
acts as a rigid structure and because the displacement of both
Φi andΨi-1 involves atoms Ci-1 and Ni, which are elements
of the peptide plane, the motions of this rigid object
necessitate an anticorrelation between∆Φi and∆Ψi-1. To
further illustrate this mode of motion, panels B and C of
Figure 6 present two snapshots from consecutive frames
between which the largest change inΦ4 is observed (64.4°).
The two structures are superimposed to minimize the rmsd.
The minimized rmsd is 0.07 Å, indicative of an exceedingly
small difference between the two structures that is ap-
preciable only nearΦ4 and Ψ3 and to a lesser extentΨ4.
The rest of the chain is altered only by small equilibrium
fluctuations.

To further quantify these torsion angle correlations, we
introduce a measure called threshold plots. These plots are
created by culling all frames from the trajectory that satisfy
the condition|∆â| g x, whereâ is a torsion angle andx is
a threshold value. For each threshold value, the average
absolute change in a second torsion angleR is computed
and is defined as the dependent variabley. Threshold plots
have the advantage of displaying the scale of the changes,
unlike the normalized correlation coefficient which describes
only the extent to which two angles move in unison. A
threshold plot is of the form

whereR and â are torsion angles of the protein backbone
and the average is over the culled trajectory. Figure 7 presents
threshold plots for several choices of angleR, whereâ is
fixed to be one of the torsion angles of the fourth residue of
Ala7. Data are taken from the simulation of Ala7 using the
implicit solvent model with the GS-AMBER94 force field
and N2 interactions. In graphs of this form, a vanishing slope
indicates that motions inR andâ are independent since when
the change inâ is large, the change inR does not depart
from its average fluctuations (they-intercept of threshold
plots is exactly the equilibrium average of the dynamic
variable). On the other hand, a positive slope is indicative
of either a correlation or an anticorrelation because when
the magnitude of the change inâ is large, the positive slope
indicates that the change inR likewise tends to be large.

This positive slope, in turn, means that theR andâ torsion
angles move cooperatively, and when one deviates from
equilibrium fluctuations, the other tends to deviate from
equilibrium fluctuations as well. A negative slope implies
that when one torsion angle undergoes large motions, the
other becomes more rigid and moves less than it would
during equilibrium fluctuations within a basin. This unphysi-
cal behavior is not observed.

Figure 7 depicts the presence of a strong cooperativity
between changes inΦ4 and Ψ3 and a much weaker
cooperativity betweenΦ4 andΨ4. Furthermore, there is an
absence of appreciable correlation at longer distances, since
all the other curves relatingΦ4 andΨ4 to the other dihedral
angles along the chain have a vanishing slope. The threshold
plots also provide a quantitative understanding of the degree
of movement expected from a torsion angle when its
neighbor moves by a particular amount. Threshold plots have
been computed and examined for all torsion angles in the
peptide, but the other cases are not displayed because they
all behave identically.

While the change in torsion angles between two consecu-
tive frames exhibits correlations only for nearest neighbors,
there still remains the possibility that a finite propagation
time exists such that there may be a correlation between∆R-
(t) and∆â(t + dt), where dt is some propagation time. When
dt is set to be the time step between consecutive frames (0.1
ps), again no statistically significant correlation is evident
between distant torsion angles, and the correlated motions
between neighboring torsion angles have already relaxed in
the sense that the strongest correlations att + dt are weaker
than the correlation betweenΦi andΨi at timet. Thus, the
correlation time of these motions must be less than 0.1 ps.

Furthermore, after a single time step of 0.1 ps, the single-
angle correlationsσ[∆Φi(t),∆Φi(t + dt)] and σ[∆Ψi(t),
∆Ψi(t + dt)] are small, with their correlations being-0.27
and -0.22, respectively, while after two time steps, the
single-angle correlationsσ[∆Φi(t),∆Φi(t + 2dt)] andσ[∆Ψi(t),
∆Ψi(t + 2dt)] are very close to being statistically insignifi-
cant, with both correlations being-0.06. Recall that by
definition a stochastic processx(t) is said to be Markovian
if

This equation simply states that the process at timetn is
independent of the process at times shorter thantn-1.
Considering the dynamics of dihedral angles as stochastic
processes, the motion of the protein backbone is essentially
a Markovian process on a 0.1 ps time scale. Since correla-
tions σ[∆Φi(t),∆Φi(t + dt)] and σ[∆Ψi(t),∆Ψi(t + dt)] are
also small in the sense that any torsion angle is more
correlated with its neighbor (at the given time) than with
itself (in the previous frame), to a good approximation, the
motion of a protein backbone is Markovian on a time scale
of less than 0.1 ps. The time scales of most studies are long
compared to 0.1 ps, and the Markovian assumption for
torsion dynamics is justified in these studies. The correlation
coefficients reported here are obtained from the implicit
solvent trajectory. While the statistics are poorer, the explicit
solvent simulation, which uses a conventional nonbonded
cutoff of 12 Å, produces slightly higher correlations, and a
few tenths of a picosecond may be necessary for an explicit
solvent trajectory to appear Markovian. But again this is

FIGURE 6: (A) Conformational transitions are accomplished by a
strong anticorrelation of the motions ofΦi and Ψi-1 that corre-
sponds to an oscillation of the peptide plane and that largely leaves
all other atoms unchanged in space. Superimposed structures of
Ala7 before and after a large change (64.4°) in the Φ angle of the
fourth residue are depicted for (B) the entire chain or (C) residues
3-5. Notice that the chains nearly perfectly superimpose, except
for the atoms involved in the rotation ofΨ3, Φ4, or Ψ4.

y(x) ) 〈{|∆R|; |∆â| g x}〉

P[x(tn)|x(t0), ...,x(tn-1)] ) P[x(tn)|x(tn-1)]
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shorter than time scales of general interest. This finding is
of great practical interest for methods that attempt to
determine protein dynamics with kinetic Monte Carlo
methods. Also, the observed correlations provide a physically
realistic move set for use in these methods.

To better ascertain the Markovian nature of these trajec-
tories, a 1 nstrajectory is performed (according the protocol
used above) during which coordinates are retained every 2
fs. Autocorrelation functions are computed for the changes
in torsion angles over 2 fs windows. The autocorrelation
functions decay to zero within 10 fs and subsequently exhibit
damped oscillation, indicating negative and positive correla-
tions (Figure 8). Cross-correlation functions for correlated
torsion angles are also found to exhibit a similar oscillatory
character. All correlations are zero by 0.1 ps, consistent with
the results determined using the coarser binning.

To summarize this section, we have established that the
dynamics of a torsion angle affect only the nearest torsion
angle on each side (excludingω which is essentially

constant). This correlated motion represents a rocking of the
rigid plane of the peptide group in which flanking residues
are fixed, as their movement is unaltered from normal
fluctuations. Furthermore, the motions are Markovian on time
scales of interest (>0.1 ps), and the change in any torsion
angle is more dependent on the motion of its neighboring
torsion angle than on its own previous motions.

Basin Transitions.So far, we have focused on equilibrium
averages obtained over the entire trajectory. These averages
are dominated by the populations near the bottom of the
Ramachandran basins. It is interesting to determine if the
correlated motions persist during the transition from one
Ramachandran basin to another. We therefore compare the
dynamics of equilibrium fluctuations to those of basin
transitions. The analysis of this section is performed using
the 200 ns simulation of Ala7 which uses the implicit solvent,
the N2 nonbonded interactions, and the GS-AMBER94 force
field because transitions involving theR basin are quite rare
and the other simulations are too short for properly sampling
transitions involving theR basin. Furthermore, the N2
interactions of this simulation prevent helix formation and
consequently more readily allow transitions out of the very
stableR basin. Because the fundamental motions present in
this simulation are shown to be robust to choice of force
field, solvent models, and nonbonded interaction routines (see
the Appendix and Tables 4 and 5), no qualitative differences
are expected between these results and those which could
be obtained from other simulations.

It is instructive to begin by providing a brief description
of the manner in which basin transitions occur. As described
in Methods, if residuen is in basin A at timet0 and the
residue enters basin B at timet1 (without traversing any other
basin), the residue is said to have undergone a basin transition
from A to B at timet1. Two characteristic time distributions

FIGURE 7: Threshold plots for several different torsion angles of Ala7 as a function of the motions of the fourth residue of Ala7. Data are
taken from the implicit solvent simulation using the GS-AMBER94 force field and N2 interactions. Changes are recorded over 0.1 ps. (A)
Variance in theΦ angle of the fourth residue. (B) Variance in theΨ angle of the fourth residue.

FIGURE 8: Finely binned normalized autocorrelation function,〈∆Φ4-
(0)∆Φ4(t)〉, obtained from a 1 ns simulation using the GS-
AMBER94 force field, our implicit solvent model, and N2
interactions. Data are binned with a bin size of 2 fs, and the change
in a torsion angle is defined as the change observed over 2 fs
windows.
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are used to describe the time scales associated with basin
transitions.

We first consider the “waiting time” that an amino acid
stays in a particular well before transitioning to another well.
Figure 9 presents the waiting time distributions for all six
types of transitions (R T â, R T PPII, andâ T PPII). Notice
that the transitions originating in theR basin wait signifi-
cantly longer before they eventually undergo a transition.
Notice also that transitions involving theR basin are
remarkably rare compared to theâ T PPII transitions. Both
these facts are reflections of the stability of theR basin in
Ala7 and the height of the barriers separating the basins. This
difference explains the increased noise in the waiting time
distributions associated withR basin transitions.

Second, we consider the time that elapses between the time
when the residue leaves the first well and the time when the
residue arrives in the second well, termed the passage time.
Figure 10 displays the passage time distributions for all six
types of transitions (R T â, R T PPII, andâ T PPII).
Transitions involving theR basin tend to have one charac-
teristic passage time distribution, whereasâ T PPII transi-
tions have shorter characteristic passage times, with the vast
majority being<5 ps and essentially no transitions having
a passage time of>15 ps. Contrastingly,R transitions have
a much broader distribution of passage times, and transitions
with passage times of greater that 50 ps constitute roughly
15% of the transitions. This result is somewhat surprising
because exponential basin hopping rates are normally as-
sociated with a scenario in which the peptide moves through

the high-energy region of the Ramachandran map in a rapid,
barrier crossing mode.

The physical origin of the long passage times associated
with R transitions is linked to the fact that during basin
transitions, the motions of the peptide are the same as the
motions within a Ramachandran basin. Figure 11 presents
the correlation coefficient matrices computed over subsets
of the trajectory during which a particular basin transition
is underway. The first thing to note is that once again the
motions are highly local with the dominant anticorrelation
being in the formσ(∆Φi,∆Ψi-1). During some transitions
in some amino acids, there is a very small degree of
cooperativity at longer ranges that cannot be dismissed as
being statistically insignificant. However, in all cases, these
correlations are still exceedingly small (|σ| ∼ 0.05-0.06).
Basin transitions can, and most often do, occur without any
correlations beyond an adjacent torsion angle. The correla-
tions during basin transitions are essentially the same as those
for motions near the bottom of the wells. The average change
of a torsion angle is also the same during basin transitions
as it is in equilibrium fluctuations.

We next examine the extent to which basin transitions are
Markovian. Recall that during equilibrium fluctuations, the
same angle correlation coefficientsσ[∆Φi(t),∆Φi(t + dt)]
andσ[∆Ψi(t),∆Ψi(t + dt)] are found to be-0.27 and-0.22,
respectively, when dt ) 0.1 ps. When these correlations are
recomputed by restricting the averaging to the subset of the
trajectory consisting of basin transitions, only very minor
differences emerge from the equilibrium case (Table 1).

FIGURE 9: Waiting time distributions obtained from the 200 ns simulation of Ala7 using the implicit solvent model, GS-AMBER94 force
field, and N2 interaction scheme: (A)R f â (380 transitions), (B)R f PPII (158 transitions), (C)â f R (389 transitions), (D)â f PPII
(25 320 transitions), (E) PPIIf R (152 transitions), and (F) PPIIf â (25 325 transitions).
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The previous two paragraphs provide an interesting
characterization of the dynamics of basin transitions in
peptides. Since during basin transitions, the motion of any

torsion angle is shown to be largely independent of its
previous dynamics, we find that basin transitions do not
proceed through a few large motions, but instead through a

FIGURE 10: Passage time distributions obtained from the 200 ns simulation of Ala7 using the implicit solvent model, the GS-AMBER94
force field, and the N2 interaction scheme: (A)R f â (380 transitions), (B)R f PPII (158 transitions), (C)â f R (389 transitions), (D)
â f PPII (25 320 transitions), (E) PPIIf R (152 transitions), and (F) PPIIf â (25 325 transitions).

FIGURE 11: Graphical representation of the correlation coefficients for movements of the torsion angles (during basin transitions) of Ala7
using the implicit solvent model, the GS-AMBER94 force field, and N2 interactions. Red indicates anticorrelation, and blue designates
correlation. Thex andy-axes represent torsion angles (i.e., 1 forΦ1, 2 for Ψ1, 3 for Φ2, etc.). The ticks on the axes separate one residue
from another, and the grid on the plot separates torsion angles: (A)R f â transitions, (B)R f PPII transitions, (C)â f R transitions, (D)
â f PPII transitions, (E) PPIIf R transitions, and (F) PPIIf â transitions. Statistically insignificant correlations have been set equal to
zero.
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series of many small uncorrelated changes. Also, there is
no long-range cooperativity or inertial effects. The peptide
crosses the high-energy barrier via small, diffusive-like
rocking motions, analogous to the barrier crossings envi-
sioned by Kramers’ theory (46). In particular, because of
this diffusive barrier crossing, the distance between the basins
in torsion space correlates with barrier height and largely
characterizes the passage time, while the well depth and
breadth largely determine the waiting time distribution.
Furthermore, it is impossible to tell which residues in a
peptide are in energetically unfavorable conformations by
examining the peptide dynamics alone. With this context,
we can understand the long passage times associated withR
basin transitions.

Importantly, we find no evidence for coupling of basin
transitions between neighboring residues. From our previous
discussion, the only expected couplings of basin transitions
are those that involve a change in theΦ angle of theith
residue and an opposing change in theΨ angle of residuei
- 1. This anticorrelation implies coupled transitions would
be observed only when either theith residue undergoes a
transition from theâ to the PPII basin while residuei - 1
undergoes a transition from theâ or PPII basin to theR basin
or the ith residue undergoes a transition from the PPII toâ
basin while residuei - 1 undergoes a transition from theR
basin to either theâ or PPII basin. However, by examining
Figures 9 and 10, we see that the time scales associated with
these types of transitions are vastly different. By the time
anR-related transition has been completed, a multitude ofâ
T PPII transitions will have occurred. Effectively, basin
transitions on one residue are independent of transitions on
other residues, a result that is pertinent to devising kinetic
Monte Carlo schemes for protein dynamics.

This lack of coupling between basin transitions also is
indicated by considering their time scales. The motions of
the proteins relax on the order of 0.1 ps, while basin
transitions can take tens of picoseconds to occur. Hence, a
coupling of basin transitions is not necessary. A neighboring
residue has adequate time to relax while its neighbor is
passing from one basin to another. To further investigate
this matter, we have examined the probability of a residue
undergoing a transition as a function of how long before a
given neighbor transitioned. In most cases, statistics are
insufficient to draw rigorous deductions, but in all cases, there
is no suggestion of coupled transitions (i.e., many transitions
are observed that do not couple with any other transition).
Therefore, we conclude that the backbone dynamics during
basin transitions are very similar to those of fluctuations
within a Ramachandran basin. All anticorrelations are on the

same order of magnitude, and the processes are Markovian
to the same extent as the equilibrium fluctuations. No
evidence appears for coupled basin transitions of neighboring
residues.

Correlated Motions in Different Force Fields, SolVent
Models, and Systems.The dynamic behavior is further
investigated by varying the identity of the amino acid, the
length of the peptide, the force field, the solvent model, and
the nonbonded interaction scheme to ensure that the observed
motions are fundamental to peptides rather than an artifact
created by the conditions of a particular simulation. The
simulations with various different force fields, nonbonded
interaction routines, and solvent models all agree well with
the results already described. Thus, the detailed discussion
of the influence of force field and solvent model is included
as the Appendix. No comparison can be made concerning
basin transitions since the other simulations are not long
enough for observation of sufficient sampling of transitions
involving theR basin.

Length Dependence.Because the correlations between
Ψi-1 and Φi are found with N2 local interactions, no
difference is expected due to the length of the peptide.
Simulations of Ala7 and Ala20 for 200 and 50 ns, respectively,
enable the testing of this expectation. Both simulations use
an implicit solvent model with the GS-AMBER94 force field
and the N2 nonbonded interaction scheme. When the middle
residues in each system are compared, the Ala7 simulation
yieldsσ(Φ4,Ψ4) ) -0.10 andσ(Φ4,Ψ3) ) -0.68, whereas
the Ala20 simulation produces the statistically equivalent
σ(Φ10,Ψ10) ) -0.08 and σ(Φ10,Ψ9) ) -0.68, thereby
confirming the expectation that the correlations are inde-
pendent of the length of the peptide.

Sequence Dependence.We next examine if the correlated
motions vary with the amino acid side chain by examining
simulations of heteropolymer EDEVARLKKLLW (described
in Methods) and of peptides Gly7 and Pro7. The latter two
are chosen for comparison as the most atypical examples to
serve as a test of generic behavior. Table 2 presents the
correlation coefficients for the heteropeptide, and Figure 12
depicts the correlation coefficients as a function of residue
number. As with the Ala7 peptide, the dominant anticorrelated
motions are betweenΦi andΨi-1. In addition, the correlation
coefficient for these motions is close to constant for each
residue in the chain. The smaller correlation coefficient for

Table 1: Autocorrelation Coefficients for Ala7
a

ensemble σ[∆Φ4(t),∆Φ4(t+dt)] σ[∆Ψ4(t),∆Ψ4(t+dt)]

entire trajectory -0.27 -0.22
R f â transitions -0.22 -0.19
R f PPII transitions -0.22 -0.20
â f R transitions -0.21 -0.20
â f PPII transitions -0.19 -0.20
PPII f R transitions -0.30 -0.21
PPII f â transitions -0.21 -0.21

a This simulation uses the GS-AMBER94 force field, our implicit
solvent model, and the N2 interaction routine. The simulation is 200
ns in duration, and in this table, dt ) 0.1 ps.

Table 2: Correlation Coefficients for the Heteropeptide
EDEVARLKKLLW a

residue σ(∆ΦX,∆ΨX) σ(∆ΦX,∆ΨX-1)

Glu -0.01 not applicable
Asp -0.25 -0.66
Glu -0.06 -0.70
Val 0.02 -0.73
Ala -0.14 -0.72
Arg -0.08 -0.70
Leu -0.03 -0.71
Lys -0.13 -0.72
Lys -0.03 -0.71
Leu -0.04 -0.72
Leu -0.09 -0.73
Trp -0.09 -0.71

a This simulation uses the GS-AMBER94 force field, our implicit
solvent model, and the N2 interaction routine. The simulation is 50 ns
in duration.
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the Φi and Ψi motions is slightly more variable, but all
intraresidue correlations or anticorrelations are very weak
compared to theΦi andΨi-1 anticorrelation. The matrix plot
of the correlation coefficients (Figure 1A of the Supporting
Information) is identical to the one presented for Ala7 in
Figure 2 for all off-diagonal elements, while the diagonal
elements are summarized in Figure 12. When this peptide is
simulated with N∞ interactions, the diagonal elements are
very similar with only a small amount of variation, but in
some cases, there is a very small anticorrelation for which
|σ(∆Ψi,∆Ψi(1)| ≈ 0.06. The statistical significance of this
correlation is very minor. No other correlations exist (Figure
1B of the Supporting Information).

Proline and glycine often exhibit unusual behavior, and
so polyglycine and polyproline are studied because they
present the most likely exceptions to the previously discussed
results. Table 3 contains the correlation coefficients obtained
from the Gly7 and Pro7 simulations, and Figure 13 displays
matrix plots of the correlation coefficients. In both Gly7 and

Pro7, the Φi,Ψi-1 anticorrelation ([-0.55,-0.56] and
[-0.60,-0.61], respectively) is stronger than theΦi,Ψi

anticorrelation ([-0.11,-0.15] and [-0.17,-0.22], respec-
tively). However, the correlation coefficients forΦi andΨi-1

motions are∼15% smaller than those for other residues. On
the other hand, there is an up to 3-fold stronger anticorre-
lation between the motions ofΦi and Ψi for the Gly7 and
Pro7 peptides (compare Tables 2 and 3). Interestingly, these
two homopolymers both exhibit weak correlations at longer
distances. The extra statistically significant correlation for
Gly7 is of the form (∆Ψi,∆Ψi(1) and takes values in the
range of-0.11 to-0.05, while for Pro7, the extra correlation
is of the form (∆Ψi,∆Ψi(2) with values in the range of-0.06
to -0.05. These correlations are statistically significant, but
they have such small magnitudes that their origin and
importance are unclear.

The oscillatory motion of the peptide group observed in
the heterogeneous, polyglycine, and polyproline peptides
exhibits slight variations with amino acid type, but the
dominant trends persist. Hence, the existence of these
oscillations is largely independent of the amino acid identity,
but the exact nature of the motion varies slightly with residue
identity.

Implications for Computer Simulations.Knowledge of the
fundamental local backbone motions has applications for

FIGURE 12: Variation of the correlation coefficients of the backbone
dihedral angles along the EDEVARLKKLLW sequence. Despite
the peptide’s sequence heterogeneity, the correlation betweenΦi
and Ψi-1 motions always dominates and is reasonably constant
across the backbone. The correlations betweenΦi andΨi motions
are more variable.

FIGURE 13: Correlation between dihedral angles for (A) Gly7 and (B) Pro7. Statistically insignificant correlations have been set equal to
zero.

Table 3: Correlation Coefficients for Gly7 and Pro7a

Gly7 Pro7

residue σ(∆ΦX,∆ΨX) σ(∆ΦX,∆ΨX-1) σ(∆ΦX,∆ΨX) σ(∆ΦX,∆ΨX-1)

1 -0.14 not applicable -0.19 not applicable
2 -0.15 -0.55 -0.17 -0.60
3 -0.14 -0.55 -0.18 -0.60
4 -0.11 -0.55 -0.18 -0.60
5 -0.15 -0.55 -0.20 -0.60
6 -0.13 -0.55 -0.19 -0.60
7 -0.11 -0.56 -0.22 -0.61

a This simulation uses the GS-AMBER94 force field, our implicit
solvent model, and the N2 interaction routine. The simulation is 30 ns
in duration.
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understanding the dynamics of proteins and for predicting
the native structure of proteins. In general, Monte Carlo (MC)
simulations designed to predict protein structure need not
involve physically accessible moves. Consequently, no
information concerning the folding mechanism can be
rigorously extracted from such simulations. On the other
hand, kinetic MC simulations employing physical accessible
moves and realistic hopping rates may provide mechanistic
information. Thus, the correlated motions observed in this
study should be included in the set of physically realistic
moves to be used in MC simulations.

Understanding the fundamental backbone motions of
proteins is also important for determining reaction coordi-
nates for macromolecular processes. Several studies of
alanine dipeptide show that theΦ andΨ torsion angles alone
are insufficient for completely describing backbone confor-
mational transitions (47, 48). Since displacements of theΦ
angle are more correlated with those of the preceding torsion
angle than ofΨ from the same residue, in searching for
reaction coordinates in larger systems, we conclude detailed
information about the nature of correlated motions along the
protein backbone should be useful.

CONCLUSION

We observe correlated backbone motions involving a
strong anticorrelation in the motions ofΨi-1 and Φi. This
motion corresponds to the oscillation of the plane of the
peptide group and is robust with respect to the identity of
the amino acid, the force field, the degree to which
nonbonded interactions are retained or neglected, and the
solvent model. The exact correlation coefficients vary slightly
with different simulation conditions, but the peptide group
oscillation is always present and represents the largest
correlated motion. The oscillation enables local backbone
motions without large-scale displacements of the remainder
of the chain through space. The motion largely arises from

inertial effects and the rigidity of the peptide bond, as
observed in the vacuum simulations as well. The correlated
motion can be viewed as a rocking of the plane of the peptide
group, and this motion is found both for fluctuations within
each Ramachandran basin and during transit between dif-
ferent basins. For neighboring residues, however, the transi-
tions from one Ramachandran basin to another, which are
required for the backbone to sample different secondary
structure types, are independent of each other.
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APPENDIX

Force Field Dependence.Simulations of Ala7 with implicit
solvent and N2 interactions are compared for all-atom force
fields GS-AMBER94, CHARMM, and OPLS (Table 4). The
dominance of the anticorrelation ofΦi and Ψi-1 motions
persists for all force fields, and the precise correlation
coefficient depends only very slightly on the force field, with
CHARMM producing only slightly more anticorrelated
motions than the other two force fields. The two-dimensional
matrix plots of the correlation coefficients are not shown
since they are nearly identical to Figure 2, and any differ-
ences can be discerned from Table 4. However, theΦi and
Ψi motions exhibit a stronger dependence on the force field.
The GS-AMBER94 force field produces a slight anticorre-
lation between the motions ofΦi andΨi in the range from
-0.11 to -0.05; the CHARMM force field yields a less
significant correlation in the range of 0.05 to 0.09, and the
OPLS force field exhibits statistically insignificant correla-
tions except in one case where the correlation coefficient is
0.09 and in two where there is a anticorrelation of-0.05.

Table 4: Dependence of Correlation Coefficients on Force Fielda

GS-AMBER94 CHARMM27 OPLS

residue σ(∆ΦX,∆ΨX) σ(∆ΦX,∆ΨX-1) σ(∆ΦX,∆ΨX) σ(∆ΦX,∆ΨX-1) σ(∆ΦX,∆ΨX) σ(∆ΦX,∆ΨX-1)

1 -0.11 not applicable 0.04 not applicable -0.05 not applicable
2 -0.11 -0.67 0.05 -0.72 0.00 -0.67
3 -0.05 -0.68 0.03 -0.71 0.01 -0.68
4 -0.10 -0.68 0.08 -0.71 0.02 -0.67
5 -0.06 -0.68 0.09 -0.72 -0.03 -0.66
6 -0.09 -0.68 0.07 -0.72 -0.05 -0.67
7 -0.05 -0.68 0.08 -0.71 0.09 -0.68

a All simulations use our implicit solvent model and the N2 interaction routine. Each simulation is 30 ns in duration.

Table 5: Dependence of Correlation Coefficients on Solvent Model and Nonbonded Interaction Routine for Ala7
a

implicit: N2 explicit: N∞ vacuum: N∞
residue σ(∆ΦX,∆ΨX) σ(∆ΦX,∆ΨX-1) σ(∆ΦX,∆ΨX) σ(∆ΦX,∆ΨX-1) σ(∆ΦX,∆ΨX) σ(∆ΦX,∆ΨX-1)

1 0.04 not applicable -0.20 not applicable 0.02 not applicable
2 0.05 -0.72 -0.17 -0.67 0.01 -0.73
3 0.03 -0.71 -0.20 -0.60 -0.01 -0.75
4 0.08 -0.71 -0.25 -0.56 -0.15 -0.73
5 0.09 -0.72 -0.36 -0.62 -0.13 -0.72
6 0.07 -0.72 -0.27 -0.58 -0.01 -0.72
7 0.08 -0.71 -0.23 -0.59 0.01 -0.74

a All simulations use the CHARMM27 force field. The implicit solvent simulations used the N2 interaction routine, while the explicit solvent
and vacuum simulations used the N∞ interaction routine. Each simulation is 30 ns in duration.
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Differences between SolVent Models and Nonbonded
Interaction Routines.Implicit solvent, explicit solvent, and
no solvent (vacuum) simulations for Ala7 with the CHARMM
force field are compared to assess the importance of the
solvent model and the importance of inertia relative to solvent
viscosity for the chain motions. The implicit solvent simula-
tion is performed with the N2 nonbonded interaction scheme,
while the explicit solvent simulation uses the TIP3P water
model, a nonbonded cutoff of 12 Å, and the force shift
technique starting at 8 Å. The explicit solvent and the vacuum
simulations include nonbonded interactions between all
residues. The correlation coefficients obtained from implicit
solvent and vacuum simulations are very similar (Table 5).
The explicit solvent simulations retain the inequality
σ(∆Φi,∆Ψi-1) > σ(∆Φi,∆Ψi), but the inequality is not quite
as strong as for the implicit solvent and vacuum simulations.
More specifically, the explicit solvent calculations yield a
slightly stronger correlation between torsion angles on the
same amino acid [explicit solvent givesσ(∆Φi,∆Ψi) in the
range [-0.36,-0.17], while implicit solvent gives
σ(∆Φi,∆Ψi) in the range [0.03, 0.09]] and a slightly weaker
correlation between∆Φi and∆Ψi-1 [explicit solvent gives
σ(∆Φi,∆Ψi) in the range [-0.67,-0.56], while implicit
solvent givesσ(∆Φi,∆Ψi) in the range [-0.72,-0.71]]. In
all cases, all correlations die out at longer distances, leaving
the peptide group’s oscillatory motion as the dominant (anti)-
correlated motion. Because the dominance of the anticorre-
lation of (∆Φi,∆Ψi-1) also persists in the vacuum simulations
and is independent of force field, the prevalence of this
anticorrelated motion must arise from structural properties
of the peptide, namely, from inertial and/or rigidity effects,
rather than viscous drag.

Simulations of the heteropolymer EDEVARLKKLLW
have also been run using N2 and N∞ interactions. Figure 1
of the Supporting Information demonstrates that the pattern
of correlations is almost identical for both of these trajec-
tories. Further discussion of these simulations is contained
in the text.

SUPPORTING INFORMATION AVAILABLE

Graphical representation of the correlation coefficients for
movements of the torsion angles of the heteropolymer
EDEVARLKKLLW using the implicit solvent model, the
Garcia force field, and N2 interactions and N∞ interactions.
This material is available free of charge via the Internet at
http://pubs.acs.org.
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