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Enhanced sampling methods in molecular dynamics (MD) simulations have been gaining popularity in the past
decades because they can explore conformations of proteins more efficiently than conventional MD simulations. In this
paper, we implement a protocol of enhanced sampling that combines iterative multiple independent MD simulations and
cluster analysis. After a set of independent simulations, the combined trajectory is divided into clusters. The representative
structures picked from the clusters are utilized to start the next cycle of MD simulations. By using different strategies to
pick the representative structures, the enhanced sampling can be either targeted or non-targeted. Two multi-domain pro-
teins, Escherichia coli adenylate kinase (AdK) and the three-domain (PHD-Bromo-PWWP) structure in the BS69 protein,
were selected to test the method. The data indicate that conformations of the proteins can be efficiently explored, and the
results show better agreement with the experimental data than those obtained through conventional MD simulations.

Keywords: enhanced sampling method, molecular dynamics simulation, cluster analysis, free energy calcula-

tion, multi-domain protein
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1. Introduction

Dynamic changes in proteins have aroused increasing in-
terest in recent years, as they often play important roles in var-
ious biological functions.!'=3! To better understand the rela-
tionship between structure and function, x-ray crystallography,
cryo-electron microscopy (cryo-EM), and nuclear magnetic
resonance (NMR) have been widely used. However, it is still
difficult to capture the conformational dynamics of a large pro-
tein in atomic detail. Although some alternative experimental
techniques, such as small-angle x-ray scattering (SAXS),*!
fluorescence resonance energy transfer (FRET),>! and chem-
ical cross-linking with mass spectrometry (CXMS)!®! can be
applied, molecular dynamics (MD) simulation is a very pop-
ular computational tool for understanding the conformational
dynamics of proteins. "~

With the advances in both hardware and software, MD
simulations have accessed longer timescales for proteins at

10-131 However, MD simulations could be

larger length scales. !
computationally expensive, which is an obstacle to future ap-
plications. For a relatively large protein, a simulation beyond
microseconds (ps) will take up many computer resources,
whereas a shorter simulation will have insufficient sampling.
To overcome this obstacle, many enhanced sampling methods

have been developed.!!41%] These kinds of methods usually

TThese authors contributed equally to this work.
fCorresponding author. E-mail: zzyzhang @ustc.edu.cn

CSTR: 32038.14.CPB.ae0898

require direct modifications of the complicated MD code.

In recent years, a new kind of sampling technique has
been proposed, 722l which is based on iterative multiple in-
dependent MD (MIMD) simulations.
sist of many cycles. In each cycle, short MIMD simulations

These methods con-

are conducted, and then from these trajectories, some confor-
mations (called seeds) are selected to start the next cycle of
MIMD. Unlike the previous techniques, this category of sam-
pling methods does not need to change the MD code. Their
efficiency would depend on how to select seed conformations
for the next cycle, and different criteria have been tried.[?3]

In this paper, we present a protocol that combines iterative
MIMD and cluster analysis. In each cycle, trajectories gener-
ated by MIMD simulations are consolidated, and the confor-
mations are divided into a certain number of clusters. Repre-
sentative structures, each picked from one cluster, are used to
start the simulations of the next cycle. There are various algo-
rithms available for cluster analysis.>* We can define differ-
ent metrics to determine the clusters and use different criteria
to pick the representative of each cluster, which would depend
on the purpose of enhanced sampling.

Two multi-domain proteins were investigated to demon-
strate the method. The first is Escherichia coli adenylate ki-
nase (AdK),!?>?61 which is a model system for studying con-
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formational transitions since both the open and closed struc-
tures are known. We searched its transition pathways and com-
pared the results with other sampling methods. The second
system is the three-domain (PHD-Bromo-PWWP) structure in
the BS69 protein.!?’! Since there is no experimental structure
available, we employed this approach to illustrate how well it
can explore the protein conformations, and our results show
better agreement with the experimental data than those ob-
tained by the conventional MD simulation.

2. Materials and methods
2.1. Procedure of the cluster-guided iterative MIMD

Our protocol (denoted as cluster-MIMD) is to run a series
of independent MD simulations combined with a clustering
algorithm. The flow chart is as follows (Fig. 1).

1. Obtain an initial structure of the protein and set up the
system.

2. Perform a preliminary MD simulation, and a confor-
mation is saved every 1 ps.

3. Divide the conformations in the trajectory into M
clusters. From each cluster, a representative conformation is
picked.

4. Starting from each of the M representative conforma-
tions, we reassign atomic velocities and carry out an indepen-
dent short simulation. A combined trajectory is constructed
that contains M x 100 conformations.

5. Repeat steps 3 and 4 for N cycles until satisfactory
sampling results are obtained.

In this work, we set M = 12 and each independent short
simulation was carried out for 100 ps. The selection of these

parameters refers to another MIMD method called PaCS-
MD.[17.23.28]

( Setup the system >

l A preliminary simulation

| Preliminary trajectory |

M representatives by clustering

| M starting conformations

Run M independent

simulations N cycles

| Combined trajectory

l

CEvaluate sampling efficiencg

Fig. 1. Flowchart of the cluster-guided MIMD simulation.

2.2. Clustering methods

Various clustering algorithms can be used. In this work,
we implemented a standard K-means algorithm!®! to divide

the conformations into a certain number of clusters. Differ-
ent metrics, such as root mean square deviation (RMSD), an-
gles, and center-of-mass (COM) distances, could be chosen
to measure “distances” between conformations and determine
the clusters. One may try different ways to pick the repre-
sentative in each cluster for starting the next cycle of MIMD
simulations. The first is to pick the conformation that is clos-
est to the cluster center (denoted as CEN), and the second is to
pick the conformation that is farthest from the initial structure
(denoted as F2I). If a target structure of the protein is available,
a third strategy can be used where the conformation closest to
the target structure (denoted as C2T) is selected.

2.3. Computational details of AdK

AdK is a monomeric phosphotransferase that can reg-
ulate the ATP concentration in cells. The protein contains
three domains: a central domain (CORE), an AMP-binding
domain (AMPbd), and an ATP-binding domain (LID).[?>-26]
AdK in Escherichia coli has 214 amino acid residues, in
which the CORE contains residues 1-29, 60-121, and 160—
214, the AMPbd includes residues 30-59, and the LID con-
sists of residues 122-159. AdK has two major conforma-
tional states. The free protein is an open conformation, 26!
with the AMPbd and the LID both far away from the CORE
(Fig. 2(a)). When binding with substrates, the AMPbd and the
LID will move toward the CORE and form a closed conforma-
tion (Fig. 2(b)).[?>?6] AdK is known as a representative exam-
ple with a large-scale conformational transition.?%-33 In this
paper, we used both the conventional MD simulation (cMD)
and the proposed cluster-MIMD to demonstrate the transition
pathways of AdK.

Fig. 2. Crystal structures of AdK. (a) The open state (PDB entry:
4AKE). (b) The closed state (PDB entry: 1AKE) with the inhibitor re-
moved. The CORE, the AMPbd, and the LID are colored in pink, ochre,
and silver, respectively.

c¢MD Starting from both the open and the closed struc-
tures of free AdK, MD simulations were carried out us-
ing the GROMACS-2018 package®* and the force field
CHARMM36m. 13

For the open AdK, the periodic boundary condition was
used with a dodecahedron box type, and the minimum dis-
tance between the solute and the box boundary was 1.2 nm.
TIP3P water molecules*®! were filled in the box. The en-
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ergy of the protein-water system was minimized by the steep-
est descent method until the maximum force was less than
1000 kJ-mol~!-nm~'. To neutralize the negative charges on
the protein, four Na™ ions were added by replacing the same
number of water molecules with the most favorable electro-
static potential. The final system consisted of 45642 atoms
in total. The energy was minimized again using the steep-
est descent followed by the conjugate gradient method until
the maximum force was less than 200 kJ-mol ' -nm~!. Sub-
sequently, a 100 ps equilibration simulation was performed,
with the initial atomic velocities randomly assigned at 300 K.
Positional restraints were added to the heavy atoms, with a
force constant of 1000 kJ-mol ™' - nm~2. Finally, a free MD
with 240 ns was conducted. The production run was carried
out using a time step of 2 fs under constant NPT conditions.
Protein, solvent and ions were coupled separately to a temper-
ature bath of 300 K using the velocity rescaling algorithm, 371
with a coupling time of 0.1 ps. The pressure was kept at
1 bar with a coupling time of 0.5 ps and a compressibility
of 4.5x 107> bar™".

were constrained using the P-LINCS algorithm.38 The van

All the covalent bonds in the protein

der Waals interactions were treated with twin-range cutoff dis-
tances (0.9 nm and 1.4 nm, respectively), and the pair list was
updated every 20 fs. The PME algorithm3°! was used to cal-
culate the long-range electrostatic interactions with a tolerance
of 107> and an interpolation order of 4.

The setup procedure of the closed AdK was nearly the
same as that of the open AdK, except that the minimum dis-
tance between the solute and the box boundary was 1.65 nm.
The final system contained 45603 atoms in total, which is
roughly the same as the open AdK system. In this way, the box
size should be sufficiently large for simulating domain motions
of the protein.

Cluster-MIMD The simulations also started from both
the open and the closed structures of AdK. All the three strate-
gies for picking the representative conformations were tried.
Therefore, there were six cluster-MIMD simulations in to-
tal. For each cluster-MIMD, the preliminary MD simulation
was 100 ps, and every cycle consisted of 12 independent short
(100 ps) MD simulations. The parameters of these MD sim-
ulations were the same as those of cMD. The recorded 1200
snapshots per cycle were divided into 12 clusters using met-
rics of two inter-domain distances. One is the COM distance
between the LID and the CORE, and the other is the COM dis-
tance between the AMPbd and the CORE. The two distances
are good indicators of domain motions in AdK. Two hundred
cycles were run, so the total simulation time of each cluster-
MIMD was 240 ns.

Visualization of sampling Based on the inter-domain
distances, we defined a two-dimensional (2D) plane. For con-
formations from either the cMD or the cluster-MIMD simu-

lations, the distances were calculated. Thus, all conforma-
tions can be projected onto the plane to show the sampling
efficiency of the different simulations.

Free energy calculation The sampling results obtained
by cluster-MIMD are biased, and therefore the free energy
landscape (FEL) needs to be calculated to reflect the true dis-
tribution of the sampling. The FEL formed by the specified
reaction coordinates was calculated using umbrella sampling.
The conformational space sampled by cluster-MIMD is evenly
divided into windows according to the reaction coordinates. In
each window, the structure nearest to the center is selected as
the reference structure of the umbrella sampling. To make sure
the conformational space is efficiently sampled, the umbrella
potential

Viumbrella _ ; %kij (CIj N C]ij())Z (1)
is applied, where k;; is the force constant for the jth reaction
coordinate in the ith window. g; and g;jo are the jth reaction
coordinate of instantaneous and reference structure in the ith
window. The unbiased probability density of conformations
po can be calculated by combining the results of windows us-
ing the WHAM equation.*°! Finally, the free energy F is cal-
culated as

F = —kgTInpy, @)
where kg is the Boltzmann constant and 7 is the temperature.

2.4. Computational details of PHD+Bromo+PWWP in
BS69

The BS69 protein is a specific repressor of adenovirus
E1A transcription activation, which contains 562 residues,
including a PHD domain, a Bromo domain, a PWWP do-
main, and a MYND domain.*! The crystal structure of the
Bromo+PWWP two-domain in BS69 (residues 154-371, de-
noted by B2D) has been solved,?’! but the structure of the
PHD+Bromo+PWWP three-domain (residues 98-371, de-
noted by B3D) is unavailable because the linker (residues 148—
157) between PHD and B2D is very flexible. To investigate the
solution structure of B3D, we conducted SAXS experiments
(described in supporting information). A structural model was
built by the following procedure. First, a homology model
of the PHD domain was obtained using MODELLER, [#?! and
then the relative orientation between PHD and B2D was deter-
mined by fitting the SAXS data using the BUNCH program 4]
in the ATSAS 2.8 package.*! Finally, the atomic coordinates
of the linker were generated by MODELLER. Starting from
this structural model of B3D, we conducted both cMD and
cluster-MIMD simulations.

c¢MD and cluster-MIMD The simulation details of B3D
were nearly the same as those of AdK. The a99SB-disp force
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field*! was used. The minimum distance between the solute
and the box boundary was 1.6 nm, in order to simulate large
scale domain motions.

A preliminary MD simulation of 60 ns was run to relax
the structural model of B3D. Then a follow-up MD simulation
of 60 ns was conducted as a control.

A cluster analysis was done on the preliminary 60-ns MD
trajectory, and then a follow-up cluster-MIMD was run for 50
cycles, so the total simulation time was 60 ns as well. The con-
formations were clustered using a metric of two inter-domain
distances. One is the COM distance between PHD and Bromo,
and the other is the COM distance between PHD and PWWP.
Due to the absence of knowledge about the target conforma-
tion, only CEN and F2I were used to pick the representative
structures. During the 50 cycles of cluster-MIMD, a mixed
strategy was used by running one cycle of F2I followed by
two cycles of CEN, and so on alternatively.

Ensemble optimization method (EOM) To fit the SAXS
data, this method selects a small ensemble of conformations of
the protein from a large structural pool by minimizing the fol-
lowing residual:

1(q:) — Lxp(on 17
5 1 ZK {u (1) p(q,):| 7 3)

IR T o)

where K is the number of data points in the SAXS profile,
and o(q) are experimental errors. The momentum transfer ¢
equals 47sin 6 /A, in which 26 is the scattering angle and A is
the wavelength. For every conformation in the ensemble, its
theoretical scattering profile is computed. I(g) is the average
of them, and U is a scaling factor.

In this paper, we used an advanced version of EOM
2.01%1 to select ensembles that are consistent with the SAXS
data from the structural pool, which was taken from either the
cMD or the cluster-MIMD trajectories. Each selected ensem-
ble consists of 10 representative conformations. The ensem-
ble selection process was performed using the built-in genetic
algorithm, which ran for 50 generations. At the end of the ge-
netic algorithm, the selected representative conformations and
the corresponding x> values reached stable values.

3. Results and discussion
3.1. Cluster-MIMD of AdK

Sampling efficiency We conducted both open-to-close
and close-to-open simulations of AdK. All the trajectories
were projected onto the plane of inter-domain distances
(Fig. 3). The open state of AdK is located at (30.9, 22.3) A,
whereas the closed state is located at (20.8, 18.2) A. During
the 240 ns cMD simulation starting from the open structure,
the CORE-LID distances are from 24.3 A to 36.1 A, and the
CORE-AMPbd distances are from 19.4 A to 25.0 A (Fig. 3(a)).

That is, the simulation only samples the region around the
open state but does not reach the closed state.

Cluster-MIMD simulations were carried out using the
three strategies for picking representative structures. When
choosing these CEN conformations for the next cycle of
MIMD, the domain motion between the CORE and the LID
becomes slightly larger from 22.2 A to 35.7 A (Fig. 3(b)),
whereas that between the CORE and the AMPbd is nearly
the same as that in cMD (Fig. 3(a)). When picking the F2I
conformation in each cluster and using them for the next
cycle, the domain motion of the LID is increased signifi-
cantly (Fig. 3(c)), with the CORE-LID distances from 19.6 A
to 38.0 A. However, the CORE-AMPbd distances are from
202 A to 249 A, indicating that the domain motion of the
AMPbd does not increase. If we set the closed AdK structure
as the target and choose these C2T conformations for the next
cycle, the CORE-LID distances are from 20.7 A to 33.8 A
and the CORE-AMPbd distances are from 19.0 A to 24.0 A
(Fig. 3(d)). Compared to the other two strategies, the cluster-
MIMD using C2T better approaches to the closed structure. It
should be noted that the crystal structure of the closed AdK is
in complex with an inhibitor,!?®! thus the free AdK could not
become that close in the above simulations. MD simulations
at the time scale of microsecond, conducted by Li ez al.,??)
also support this notion.

We then conducted simulations starting from the closed
state of AdK. During the 240 ns cMD simulation, the pro-
tein quickly escapes from the closed state and transits to the
open state. The CORE-LID distances are mainly from 22.4 A
to 34.2 A, and the CORE-AMPbd distances are mainly from
18.6 A to 23.2 A (Fig. 3(e)). These results of cMD (Figs. 3(a)
and 3(e)) suggest that the free AdK prefers an open struc-
ture, which is consistent with previous studies.*’*°1 All the
three cluster-MIMD simulations starting from the closed AdK
(Figs. 3(f)-3(h)) have better sampling than the cMD simula-
tion (Fig. 3(e)). They all reach the open state of the protein,
and among them, the simulation using F2I can most exten-
sively sample the domain motions in the protein (Fig. 3(g)).

o @

CORE-AMPbd distance (A)

%" O-CEN 1

CORE-LID distance (A)

Fig. 3. Sampling efficiency of cluster-MIMD measured by projecting protein
conformations onto a 2D plane of inter-domain distances. The projections
of ¢cMD starting from (a) the open structure (down-triangle in orange) and
(e) the closed structure (up-triangle in orange) shown as controls. (b) Starting
from the open structure using CEN. (c) Starting from the open structure us-
ing F2I. (d) Starting from the open structure using C2T. (f) Starting from the
closed structure using CEN. (g) Starting from the closed structure using F2I.
(h) Starting from the closed structure using C2T.
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We performed another set of cluster-MIMD simulations
(Fig. S1 in the supporting information), and the results are
consistent with those shown in Fig. 3.

FEL of AdK The conformational space of AdK sampled
by cluster-MIMD was divided into 102 windows with bin size
of 1.0 A along each reaction coordinate. In each window, um-
brella sampling was performed with k;; = 1000.0 kJ - mol ! -
nm~2 and kp = 500.0 kJ-mol~! - nm~2 (Eq. (1)), and the
simulation time was 1 ns. Under this umbrella potential and
simulation length, the sampling range slightly exceeded the
preset window size. From the sampling results of cluster-
MIMD, conformations near the center of each window were
selected as the initial configurations for umbrella sampling,
adequate overlap between neighboring windows could be en-
sured, thereby guaranteeing convergence of the umbrella sam-
pling. The umbrella potential was applied using the pull code
of GROMACS. The FEL was calculated using WHAM devel-
oped by the Grossfield lab.>"]

Figure 4 shows the FEL and some representative confor-
mations of AdK are shown in Fig. 5. The FEL can be divided
into closed and open states. The conformational space of the
closed state (a and b in Fig. 4) is limited, with both the LID and
the AMPbd compact (Figs. 5(a) and 5(b)). These two closed
conformations are somewhat more open than the crystal struc-
ture 1AKE (up-triangle in Fig. 4), with a root mean square
deviation (RMSD) of 2.5 A and 3.3 A, respectively. That is
to say, the free protein can hardly reach the closed structure in

complex with the inhibitor. The conformational space of the
open state (e, f, and g in Fig. 4) is significantly larger. En-
ergy barriers between them are relatively low, and thus con-
formational changes can occur frequently. The conformations
e and f (Figs. 5(e) and 5(f)) have the lowest free energy values,
and therefore, the free protein prefers open structures. They
are similar to the experimental structure 4AKE (down-triangle
in Fig. 4), with an RMSD of 1.3 A and 2.1 A, respectively.
Some conformations that are even more open than 4AKE are
explored, such as the conformation g (Fig. 5(g)).

4.000
3.500
+3.000
+2.500
2.000

-1.500

- 1.000

CORE-AMPbd distance (A)

0.5000

25 30 35 40
CORE-LID distance (A)

kcal/mol

Fig. 4. The FEL of AdK. The orange down-triangle and up-triangle indi-
cate the open and closed experimental structures of AdK. Some representative
states are labeled a—g, and the corresponding structures are shown in Fig. 5.
Free energy values (in kcal/mol) of some barriers are shown.

Fig. 5. Representative states of AdK in conformational transition. The value at the bottom-right of each structure is the free energy (in kcal/mol)

of this state. The locations of these states are labeled in Fig. 4.

In addition to the open and closed structures, two inter-
mediate states were detected. The conformation c (Fig. 4)
represents a state in that the AMPbd essentially stays closed
while the LID is becoming open (Fig. 5(c)). In the other inter-
mediate (conformation d in Fig. 4), the AMPbd is significantly
open but the LID is closed (Fig. 5(d)). There are two transition
pathways from the closed to the open state. In one pathway,
the LID opens first (b to ¢) and then the AMPbd (c to e). The

energy barrier from b to ¢ is low and that from c to e is about
0.81 kcal/mol. In the other pathway, the AMPbd opens first (a
to d) and then the LID (d to e). The energy barrier from a to
d is about 1.21 kcal/mol but that from d to e is low. That is
to say, the former pathway should be more favorable than the
latter. There are also two transition pathways from the open to
the closed state. In one pathway, the AMPbd closes first (e to
¢) and then the LID (c to b). The energy barrier from e to c is
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about 1.14 kcal/mol and that from c to b is low. In the other
pathway, the LID closes first (e to d) and then the AMPbd (d
to a). The energy barrier from e to d is low and that from d to
ais about 1.19 kcal/mol. The results indicate that the open-to-
close transition is harder than the close-to-open transition, and
the opening/closing of the AMPbd may be the rate-limiting
step.

In the previous work by Li et al,’?! they aimed to
comprehensively understand AdK’s conformational transi-
tion through long MD on a timescale of micro-seconds and
bias-exchange metadynamics (BE-META) simulations. They
quantitatively mapped the FEL of AdK on transition pathways
and found some intermediate states. When starting from the
open structure, the conformation is sometimes trapped in a
state in which the LID closes and contacts the AMPbd while
the AMPbd stays in the open or semi-open state. After clo-
sure of the LID, the AMPbd can start closing. There is another
pathway observed in their MD simulations, that is, the AMPbd
closes first and then the LID closes afterward. The simulations
starting from the closed state have a conformational transition
pathway in that the LID opens rapidly while the AMPbd can
stay in the closed state for a while before opening. Cluster-
MIMD can obtain similar results, but our simulation time is
shorter than theirs.

Cluster-MIMD can further improve efficiency by adjust-
ing the number of clusters. During the exploration of the con-
formational space, the sampling region starts from the initial
conformations and gradually extends farther away. The cluster
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operations in each iteration ensure that the sampling regions
of independent simulations in the next iteration are spatially
separated, preventing redundant sampling of the same regions.
However, this operation is ineffective during the first few iter-
ations, since the sampling region remains close to the initial
conformations regardless of the number of clusters used; thus,
similar results can be obtained even with fewer clusters. As the
sampling region moves farther from the initial positions, the
space to be sampled increases. To adequately cover the con-
formational space and ensure convergence of umbrella sam-
pling, it becomes necessary to increase the number of clusters.
Therefore, an efficient strategy is to start the iterations with
a smaller number of clusters and increase the cluster count as
the sampling regions become sparse. Similarly, for simple sys-
tems with a small target sampling space, fewer clusters can be
used, whereas for systems with a larger target space, the num-
ber of clusters should be increased according to the sparsity of
the sampled regions.

3.2. Cluster-MIMD of B3D

In the 60 ns cMD simulation, the protein only samples a
limited region in the 2D plane of the inter-domain distances
(Fig. 6(a)), with the PHD-PWWP distances from 46.6 Ato
65.8 A and the PHD-Bromo distances from 41.4 A to 58.9 A.
However, the cluster-MIMD achieves significantly broader
sampling (Fig. 6(b)) than cMD, with the PHD-PWWP dis-
tances from 44.4 A to 70.5 A and the PHD-Bromo distances
from 28.2 A t0 58.8 A.
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Fig. 6. Cluster-MIMD is in better agreement with the SAXS data of B3D than cMD. Projections of inter-domain distances in (a) cMD and (b) cluster-
MIMD. The structural ensemble selected from (c) cMD and (d) cluster-MIMD using EOM. All conformers are superimposed on the Bromo domain
(colored in red). The back-calculated SAXS profile of (e) the cMD ensemble and (f) the cluster-MIMD ensemble fitted to the experimental data (black).

EOM was performed on each MD trajectory to select an
ensemble of 10 conformers to best fit the experimental SAXS
data of B3D (Figs. 6(c) and 6(d)). Their simulated SAXS pro-
files are plotted (Figs. 6(e) and 6(f)) to compare with the ex-
perimental data. In the ensemble from cMD (Fig. 6(c)), the

ten conformers are similar in that the PHD domain moves far
from B2D. The simulated SAXS profile has a y? of 3.1 to the
experimental data (Fig. 6(e)). In the ensemble from cluster-
MIMD (Fig. 6(d)), the PHD domain moves towards the Bromo
domain, and the N-terminus of PHD is close to the PWWP do-
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main. The simulated SAXS profile is in good agreement with
the experimental data with a xz of 1.1 (Fig. 6(f)). In summary,
cluster-MIMD does a better job in reproducing the experimen-
tal data of B3D than cMD, in a relatively short simulation time.

3.3. Comparison with other sampling methods based on
MIMD

Our sampling protocol is based on iterative MIMD simu-
lations. There is a group of methods belonging to this category,
such as PaCS-MD,!!7"11 teDA2,121] CoCo,[?%! and PEX, %!
which are either targeted!!”?!1 or non-targeted.[!8-20-2?]

The original t-PaCS-MD!!”] method calculates RMSD to
a target conformation in each cycle and picks the first 10-20
conformations with the minimal RMSD values to start the next
cycle. The teDA2 method!?!! uses the minimal RMSD as a
way of selecting conformations and applies principal compo-
nent analysis (PCA) to reduce the dimensionality. We have
performed t-PaCS-MD on AdK for 200 cycles (Figs. 7(a) and
7(b)). When starting from the open structure, the LID closes
faster than the AMPbd. The protein spends most of the simu-
lation time in sampling an area near the target closed structure
(Fig. 7(a)). When starting from the closed structure, both the
LID and the AMPbd can completely open but the former is
faster. The protein is around the target open structure for the
most of the simulation time (Fig. 7(b)). The results indicate
that t-PaCS-MD may only sample a ‘narrow’ transition path-
way between the initial and the target structure. In our proto-
col, a C2T simulation uses the target information as well. A
cluster analysis is performed on conformations first, and then
in each cluster, we pick the conformation closest to the tar-
get. This strategy may avoid aggregation of the starting con-
formations for the next cycle. Therefore, the C2T simulations
can sample a broader area and obtain more intermediate struc-
tures (Figs. 3(d) and 3(h)) than the t-PaCS-MD simulations
(Figs. 7(a) and 7(b)).

The nt-PaCS-MD method!!%1°! does not rely on any tar-
get structure. It uses parameters like RMSD and backbone
dihedral angles to identify those highly deviated structures
for the next cycle of MIMD, so large conformational tran-
sitions could happen. The CoCo-MD!%! combines iterative
MIMD simulations and complementary coordinates (CoCo)
based on PCA. In each cycle, a boundary box in the PCA space
is identified, and rarely sampled regions within the box are
found. Then, the next cycle of MIMD simulations would start
from the conformations in those rarely sampled regions. The
frontier expansion sampling (FEXS) method!??! selects ‘seed
structures’ distributed at the frontier of an already sampled re-
gion to start a new cycle of MIMD simulations by using the
Gaussian mixture model and the convex hull algorithm. The
CEN and F2I strategies are similar to the above methods in
that the system tries to explore its conformational space with-
out any target.

We conducted nt-PaCS-MD on AdK using a criterion
called moving RMSD (mRMSD).[!" Technical details of this
method have been introduced in supporting information. Start-
ing from either the open or the closed structure, the results of
nt-PaCS-MD (Figs. 7(c) and 7(d)) are fairly similar to those
of cluster-MIMD (Fig. 3). The mRMSD-based nt-PaCS-MD
shows higher efficiency in sampling domain motions of AdK
than CEN (Figs. 3(b) and 3(f)) because the former always se-
lects conformations with the largest mMRMSD to start the next
cycle. However, F2I (Figs. 3(c) and 3(g)) can generally sample
larger domain motions than nt-PaCS-MD.

| (a) t-Ofree | (c) nt-Ofree |

(A)

28 + +
26t (b)
241
221
200 f
wrs T
20 25 30 35 40 45

CORE-LID distance (A)

t-Cfree | (d) nt-Ofree |

CORE-PWWD distance

Fig. 7. Sampling efficiency of other methods measured by project-
ing protein conformations onto the 2D plane of inter-domain distances.
(a) t-PaCS-MD starting from the open structure. (b) t-PaCS-MD start-
ing from the closed structure. (c) nt-PaCS-MD starting from the open
structure. (d) nt-PaCS-MD starting from the closed structure.

4. Conclusion and perspectives

In this work, we present a sampling protocol based on it-
erative MIMD guided by cluster analysis. The method is flex-
ible and convenient to be implemented. First, there is no need
to modify the simulation code, so any MD engine can be used
straightforwardly. Different algorithms and metrics for clus-
tering may be tried. In addition, the representative conforma-
tions can be selected with different strategies, depending on
the requirements of the simulated system. If one wants to find
transition paths between the initial and target conformations
of a protein, the C2T strategy is used. Otherwise, the CEN or
F2I strategy should be tried if one wants to explore the protein
conformations without any target. These strategies have been
found to be efficient for different cases. Our method can be
combined with multiple independent umbrella sampling meth-
ods to calculate the free energy landscape.

Two multi-domain proteins, AdK and B3D, were selected
to test the method. For AdK, with open and closed structures
both available, the results demonstrate that cluster-MIMD is
more efficient than cMD on the same time scale. The sam-
pled intermediate states in the conformational transition path-
ways are consistent with previous work.3?! For B3D without
a target, the protein conformations are extensively explored by
using cluster-MIMD. The simulation can fit the experimental
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SAXS data better than the cMD simulation. This protocol can

[51

be used for integrative structure modeling!>!! by combing ex-

perimental data of proteins and their complexes.

Supporting information

Supporting information provides additional details of the
nt-PaCS-MD method using moving RMSD and one figure il-
lustrating the results of another set of cluster-MIMD on AdK.
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