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Figure 6. (a) RMSF of C, atoms calculated from the MD simulation
of MYO. The RMSF curve is divided into the 22 local features. Cy-4
(4—30) black; Co-67 (31—131) red; Cy-204 (132—204) green; Co-333
(218—356) black; Cy-370 (357—403) red; Co-410 (404—444) green;
Co-452 (445—538) blue; Co-571 (539—571) orange; Co-576 (575—602)
black; Cu-625 (603—626) red; Co-681 (647—706) black; C,-736
(707—795) red; Cu-821 (796—843) green; Cy-860 (859—876) black;
Co-901 (877—913) red; Cy-923 (914—935) green; Cy-951 (936—1000)
blue; Co-1008 (1001—1008) orange; Co-1016 (1016—1035) black; Co-
1063 (1036—1074) red; C,-1084 (1075—1093) green; and C,-1142
(1094—1160) blue. The heavy chain, RLC, and ELC are indicated.
There are four segments in the heavy chain due to missing residues.
(b) Output correlations (eq 11) between the seed atoms and MYO as
a function of residue number in the case of n = 22. Only the correlations
between one seed atom and the atoms in its corresponding dynamic
domain are plotted, which are colored according to the RMSF curve.
The 22 seed atoms are indicated by circles. The residue numbers are
from refs 21 and 22.

ELC. The RMSF values of the seed atoms are presented in
Figure 6a, and the corresponding dynamic domains associated
with the seed atoms are identified in Figure 6b, which
demonstrates that the dynamic domains are allocated predomi-
nantly in the most flexible regions of the system.

In Figure 7, we visualize the local features in the initial (a)
and final (b) structure of the MD simulation. The myosin motor
protein is a molecular machine with many allosterically coupled
functional units,3* and the local dynamics domains that we
identified can be well related to these functionally well-known
parts. For example, Ala333 and Lys681 are near the entry for
the active site where ATP is hydrolyzed and chemical energy
is released and turned into mechanical motion. Asn410 is located
in the so-called “cardiomyopathy loop”, whose disruption by
missense mutations is implicated in the familial hypertrophic
cardiomyopathy.’® The local domain represented by seeds
Lys452 and Ala571 are close to the Actin-binding domain, and
the local feature defined by GIn736 is the converter domain of
MYO at the start of the lever arm. The local features in the two
light chains, RLC and ELC, cradle myosin’s lever arm.

We divided again the trajectory into two time windows (WIN-
I: 0.4—2.2 ns and WIN-II: 2.2—4.0 ns) and identified 22 seed
atoms in both windows by CGLC. The results in Table 4 indicate
that the seed atoms are quite similar between the different time
windows (of the 22 seeds, 15 are conserved), although the short
simulation is almost certainly not converged (4 ns is a very
short simulation relative to the millisecond time scale of the
myosin power stroke). The seven mismatched seeds in Table 4
are indicative of conformational undersampling in the short MD
trajectory. For example, three of the light chain seeds are not
conserved. A significant bending motion of the lever arm and
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Figure 7. Locations and dynamics of the 22 local features (n = 22)
in MYO during the MD simulation. (a) Initial structure of the simulation
(t = 0 ns) and (b) the final structure of the simulation (t = 4 ns). Seed
atoms are shown as spheres, and local dynamic domains in cartoon
representation are colored accordingly. Each domain contains a localized
and contiguous set of atoms that have positive output correlations (eq
11) with the corresponding seed atom (Figure 6). Specific seed atoms
discussed in the main text are labeled in (a). Co-4 blue; Cy-67 red;
Cy-204 gray; Cy-333 orange; Co-370 yellow; Cy-410 tan; Co-452 silver;
Co-571 green; Co-576 white; Cy-625 pink; Cy-681 cyan; Cy-736 purple;
Cy-821 lime; Cy-860 mauve; Cy-901 ochre; C,-923 iceblue; Cy-951
black; C,-1008 yellow2; Cy-1016 cyan2; C,-1063 blue2; Co-1084
yellow3; and Cy-1142 violet. Molecular graphics renderings were
created with VMD.3¢

the light chains is observed in the simulation (Figure 7). Despite
their small size, a relatively large number of seeds (nine) is
assigned to the RLC and ELC because the light chains fluctuate
significantly in the MD simulation (Figure 6a). Small variations
of the number of light chain seeds between the time windows
are therefore expected due to the unconverged lever arm motion.

The diagonal structure of the overlap matrix between the local
features (Figure 8a) shows considerable improvement compared
to the PCA overlap matrix (Figure 8b). As before in the case
of T4L, the matrix shows that most features are conserved. The
nondiagonal or weakly diagonal elements are due to confor-
mational undersampling. Specifically, seeds 4 and 7 in the
matrix, corresponding to Ala333 and Lys452, are not diagonal.
This region is located in the 50 K domain of myosin that
contains the ATP- and Actin-binding sites (Figure 7), suggesting
that 4 ns was too short of a duration to sample all relevant
motions in these two locations.

In summary, the above results suggest that the coarse-graining
by CGLC provides robust local features also for larger sized
systems such as MYO, whose conformational variability is
almost certainly undersampled in a MD simulation on the
nanosecond time scale. The coarse-grained convergence analysis
allows one to visualize the location of both well- and under-
sampled regions, a major advantage over nonlocal PCA
convergence analysis.'*
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TABLE 4: The n = 22 Seed Atoms Extracted from Two
Different Time Windows and the Combined MYO
Trajectory Using The CGLC Algorithm

WIN-I¢ WIN-II? overlap® WIN I[+114
20 5 0.117 4
66 66 0.191 67

204 (560) (0.203) 204
(57) (256) (—0.059) 333
(307) (991) (0.101) 370
409 410 0.220 410
(74) (729) (—=0.077) 452
571 571 0.116 571
575 575 0.193 576
615 625 0.186 625
663 657 0.250 681
737 718 0.249 736
840 843 0.222 821
859 859 0.228 860
900 901 0.264 901
923 919 0.214 923
951 (808) (0.309) 951
1008 (141) (0.160) 1008
1018 1016 0.244 1016
1063 1065 0.344 1063
1084 (370) (0.122) 1084
1142 1109 0.207 1142

@ The time window from 0.4 to 2.2 ns. * The time window from
2.2 to 4 ns. “The overlap values between the first two columns
were calculated using eq 18 in ref 15; these correspond to the
diagonal elements in Figure 8a. ¢ The full trajectory from 0.4 to 4
ns. Seeds from WIN I and WIN II were aligned to corresponding
seeds from WIN I+II. Seven mismatches are indicated by (***), see
text.

Conclusions

In this article, we present a novel coarse-graining algorithm,
CGLC, for the assignment of local dynamic features from MD
trajectories. Instead of a sequential optimization of the seed
atoms in SPA-k (k = 0) subject to k-neighbor exclusion, we
perform a stochastic minimization of the linear chain seed
correlation (eq 12). Applications of CGLC to two biological
systems, T4L and MYO, demonstrate that CGLC overcomes
the major earlier limitations, redundancy of SPA-0 and artificial
neighborhood exclusion of SPA-k (k > 0), providing a purely
statistical solution to the coarse-graining problem.
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In the T4L case, eight seed atoms (1, 22, 52, 71, 90, 109,
116, 159) computed by CGLC can be well related to functional
domain motions of the protein (Figure 4). For such small
systems, individual MC minimizations of the seed correlation
converge rapidly to the optimal solution.

In practical applications of LFA, the question arises how
many local features are needed to account for the dynamics. It
is hard to estimate the ideal number n using the earlier
algorithms SPA-k (k = 0). For example, in ref 15, we computed
up to 15 seed atoms for T4L. Using CGLC, we are now able to
define a minimum number required to cover the entire system
without redundancy. For the small T4L system, eight local
features are sufficient to describe its dynamics. In general, we
expect this ideal number of features to depend on the system
size and length of the MD simulation.

When dealing with a large size system such as MYO, there
is a problem of convergence. Several factors conspire to
complicate the search for a statistically reproducible representa-
tion. First, the complexity of picking n seeds out of N atoms
increases dramatically both with the system size and the number
of seeds, which is larger for multidomain biomolecular ma-
chines. Second, the output correlations become more localized!s
as n increases. For example, the MYO output correlations in
Figure 6b exhibit significantly sharper peaks compared to those
of the T4L correlations in Figure 3b. Therefore, the seed
correlation landscape (eq 12) is frustrated, and individual MC
runs might get trapped in many local minima. The CGLC
algorithm does not guarantee that the MC search finds the global
optimum. However, the observed local features of MYO
corresponded to well-known functional units in this molecular
machine and were largely conserved across MD time windows.

The well-known “MD sampling problem”!3 is apparent also
in our model, in the sense that some localized features differ
among MD sampling windows. The local convergence can be
quickly assessed by means of the output overlap matrix (Figures
5 and 8). The new coarse-graining offers a major advantage;
unlike in PCA, where modes are related by orthogonality and
easily perturbed, the converged LFA features are invariant across
multiple windows of the trajectory, dividing the protein into
converged regions and a smaller number of localized, under-
sampled regions. The proposed coarse-graining thus provides
a localized measure of MD sampling efficiency.
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Figure 8. Overlaps between the two time windows of MYO. (a) Overlaps between the local features (represented by seed atoms) computed from
eq 18 in ref 15. Twenty-two seed atoms were determined for each time window in the order of Table 4. (b) Overlaps between the PCA modes
computed from eq 17 in ref 15. The first 22 PCA modes in each window were computed and sorted by descending eigenvalues.
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Summing up, the goal of this article was to develop a robust
coarse-graining technique for routine trajectory analysis and to
provide a practical road map for the application of LFA. We
expect a user would take the following steps when applying
LFA:

1. Perform PCA and order the principal components by
decreasing eigenvalues.

2. Decide on an initial n (usually a small number at the
beginning) of local features and then compute the P = K° matrix
(eq 3) from the first n PCA modes.

3. Generate a number of random initial seeds, estimate the
range of T}, values (the maximum 7}, can be about 10% of the
peak output correlation, and then decrease it to obtain other 7,
values), and perform individual MC minimizations of eq 12 for
each set until converging to its lowest seed correlation set. For
a complex protein assembly like MYO, every chain should be
treated separately, which means the correlation between the seed
atoms % and & + 1 is not minimized if they are not in the same
chain.

4. Perform steepest descent on each set after MC. For
multichain systems, the seed atoms are not allowed to cross
chain boundaries.

5. Pick out the lowest seed correlation set from all of the
sets and assign a dynamic domain for each seed atom (contigu-
ous region of positive output correlation). If the domains cover
the whole molecule without redundancy, this set would be the
final result of CGLC; otherwise, increase n and repeat from
step 2 to get more coverage.

LFA is a novel trajectory analysis technique that opens the
door to further studies of “essential” dynamic features in
proteins. We expect that the implementation details given in
this article facilitate future applications by other groups.
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