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We report the implementation of an atomistic Brownian dynamics simulation of proteins. A protein was
described by united-atom model with AMBER91 force field. The solvent was treated by distance-dependent
dielectric/surface area model. The computation time of the Brownian dynamics and the calculated results on
structure and dynamics of 28-mer BB o fold peptide with theimplicit solvent model were compared with those
of molecular dynamics simulation with explicit solvent. The Brownian dynamics simulation was 53 times
faster than molecular dynamics simulation with explicit solvent. The simulation was stable and the artifacts
often observed in simulations at vacuum condition were reduced. The results indicate that the Brownian
dynamics with the implicit solvent model can be widely used in studies of protein dynamics by long time

simulation in future.
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1 Introduction

Recent progress of genomic analysis necessitates the de-
velopment of prediction methods of protein structure and
function [1]. Methods of protein structure prediction are
classified into three main categories: homology model-
ing, fold recognition and ab initio folding. The first two
methods use structures already solved as templates. The
third method does not require such information and is
based on physical chemistry in principle. In this respect,
the ab initio method is useful not only to predict protein
structures but also to design novel functional proteins or
drugs, thus should be devel oped.

Molecular dynamics (MD) and Monte Carlo (MC)
simulations are mainly used for the ab initio method at
present. For protein structure prediction by these meth-
ods, it is necessary to develop an accurate energy func-
tion for the protein-solvent system and an efficient con-
formational search algorithm [2-5]. By the MD method,
actual smooth motion of atoms is reproduced. However,
since the folding of even small proteins takes more than
afew milliseconds [6], it is difficult to simulate the com-
plete folding process with explicit solvent moleculeswith
present computer power, because the limit of time stepin
MD is 2 fsec. By the MC method, it is possible to obtain
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thermodynamic parameters without long time simulation,
if efficient sampling is applied. However, the sampling
efficiency is not satisfactory when this method is applied
to a condensed polymer system like a protein, since ran-
dom displacements of atomsin a polymer cause frequent
collisions with other atoms. In this respect, new sampling
methods, such as multicanonical, simulated tempering,
replica exchange and so on have been developed for MD
or MC simulations [7].

Stochastic dynamics simulation is another solution
for conformational search efficiency; it enableslong time
simulation because mild instabilities of certain long-time
stepsare masked [8, 9]. InLangevin dynamicssimulation
[8], one can treat the effects of solvent as a dissipative
random force. Since the motion of polypeptide in ague-
ous solvent is slow, the solvent damping is large and the
inertial memory islost in avery short time. The relevant
approximate equation is called the Brownian equation
[9]. So far, each residue in a polypeptide has been mainly
represented by one or two spheres connected by virtual
bonds in Brownian dynamics of proteins[10, 11]. In or-
der to obtain detailed information on the folding process,
it isnecessary to use morerealistic models. So far, only a
few attempts have been made using the atomistic model
for 20-mer polyalanine [12] and 4-mer peptide [13]. In
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this report, we present an atomistic Brownian dynamics
(BD) algorithm with implicit solvent model for protein
folding simulation. We test the effectiveness of this al-
gorithm using 28-mer BPo. peptide as a model. Thisis
the first report of the stable simulation of an actual pro-
tein using an atomistic BD algorithm with implicit sol-
vent model.

2 Methods

2.1 Brownian Dynamics Algorithm

By treating the effects of solvent as a dissipative random
force, the Langevin equation can be expressed as

d?r; dri
Mgz = —Gig TFRi+Ri. @

Here, ri and my represent the mass and position of atom
i, respectively. {; is a frictiona coefficient and is de-
termined by the Stokes' law, that is, {; = 6rna; 3%y in
which a;S1%es js a Stokes radius of atom i and 7 is the
viscosity of water (= 0.205 kcal/mol/A3.psec at 280 K).
F; isthe systematic force on atomi. R; isarandom force
on atom i having a zero mean (R;(t)) = 0 and a variance
(Ri(ORj (1)) = 2LikaT&i;0(t)l, where | is 3x 3 unit tensor;
this derives from the effects of solvent.

For the overdamped limit (the solvent damping is
large and the inertial memory islost in avery short time),
we set the |eft side of Eq. 1 to zero,

S =it R, @

The integrated equation of Eq. 2 is called Brownian dy-
namics[9];

I’i(t-f—h):ri(t)-f-FiT(_t)hﬂ-HZI(—?ThZi, 3

where h is a time step and z is a random noise vector
obtained from Gaussian distribution.

2.2 United-Atom Model and Force Field

The AMBERO91 united-atom force field [14] was used;
non-polar hydrogens are included in the carbon atoms
they attach, while polar hydrogens are explicitly treated.
The Stokesradius of each atom isitsvan der Waalsradius
plus1.4 A.

In this simulation, the effective energy of the system
W(rN) for a protein containing N atoms with Cartesian
coordinatesr™N = (r1, r2,r3, .....) consistsof two parts, in-
tramolecular energy Vinra(r\) given by AMBER91 force
field and mean solvation energy term Gy (r'V),

W(rN) :\/irltra(rN)+GsoIv(rN)- 4)
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Intramolecular energy Vinra(rN) is composed of bonds,
angles, dihedrals (including impropers), van der Waals,
hydrogen bonding and electrostatic contributions. In the
original AMBERO9L1 force field, the hydrogen-bond term
wasjust afunction of distance. However, sincethere have
been many successful reports for protein designing by
using distance-dependent and angle-dependent functions
for the hydrogen-bond term [15-19], we used an angle-
dependent, 12-10 hydrogen-bond potential :

Ci7' D.7.
Vho = Z <r_12J o %) F(6a-H-D,0aa-A—H).
1) ]
©

The angle-dependent term, F(0a-H-D,0aa—A_H), Varies
depending on the type of hybridized orbital of the accep-
tor atom:

For sp? acceptor,

F(6a-H-D,0aA-A_H) =

COS4(9A,H,D) COSZ(GAA,A,H)
(eAfoD > QOO,GAA,A,H > 900), (6)
and for sp® acceptor,

F(6A-H-D,0AA-A-H) =
COS4(9A,H,D) COSZ(GAA,A,H — 109.50)

(eAfoD > QOO,GAA,A,H —109.5° > 900),

where 64 _p isthe acceptor-hydrogen-donor angle and
0aa-a_H isthe base-acceptor-hydrogen angle (where the
base is the atom that attaches to the acceptor).

2.3 Solvation Energy

It has been reported that no continuum solvent model can
completely account for the effect of explicit inclusion of
solvent [20, 21]. But explicit solvent simulation expands
thetime cost enormously in order to appropriately sample
the solvent configurations. Therefore, various implicit
solvent models for protein simulation have been devel-
oped to represent the effect of explicit solvent; distance-
dependent dielectric models [22], surface area models
[23-26], Gaussian solvent exclusion model [27], general-
ized Born/surface area (GB/SA) models [28-31], gener-
alized Born/analytical continuum electrostatic (GB/ACE)
model [32], reference interaction site model (RISM) the-
ory [33] and so on. In this study, we used an implicit sol-
vent model combining two models; Distance-dependent
Dielectric (DD) model and Surface Area(SA) model. DD
model assumes the dielectric constant € = Cr;j where C
is aconstant value and ri; is the distance between atom i
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and j. This model is approximating the long-range elec-
trostatic screening effects[22]. In the SA model, the sol-
vation energy is given by:

Geolv (1) :iloi -SA (Y. @)

where SA (rN) is the solvent accessible surface area of
atom i and o; is a solvation parameter depending on the
atom type. In this study, we used € = 2rj; and on,0 = -60
cal/mol/A2, 6¢ = 12 cal/mol/A? and oy s = 0 cal/mol/A2
for DD/SA model [25]. SAi(rN) was calculated using the
approximate analytical expression of Hasel et a. [34].
The solvation term was calculated at every time step of
dynamics simulation.

2.4 Bond Length Constraintsand Adaptive
Time Step

BD algorithm makes it possible to use longer time steps
in the simulations. The LINCS algorithm [35] was used
to constrain bond lengths. The time step used was 10
fsec. However, angle energy divergence occurred some-
times (especially in PRO residue) when thelong time step
was used. To avoid this problem, we used the adaptive
time step method [13] in the simulation: A normal time
step At was used mostly and the time step was split into n
giving smaller time step At/n when the angle energy be-
came larger than a predetermined threshold. In our sim-
ulations, the normal time step was 10 fsec, the threshold
was 20 kcal/mol and n = 5. Small time steps were used
less than 1% of the simulation time. 9 A non-bonded cut-
off was used and the non-bonded pair list was updated
every 10 steps.

2.5 BD Simulation

The effectiveness of the BD algorithm with the implicit
solvent model was tested for a 5 nsec simulation of de-
signed BPBo fold 28-mer peptide pda8d (PDB code 1psv)
[15]. The seguence is KPY TARIKGRTFSNEKELRD-
FLETFTGR with 304 atoms [15]. We used the reported
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structure as the starting structure (Figure 1). Simulation
temperature was 280 K. Coordinates and energies were
recorded every 10 psec during the simulation. BD simu-
lation without solvation energy calculation (i.e. Geu(rN)
=0 kcal/mol and € = 1) was also performed for compari-
son of computation time.

The BD simulation program was written in Fortran.
All calculations were performed on an 800 MHz Duron
processor.

2.6 MD Simulation

We aso performed MD simulation in explicit water
molecules and in vacuo (e = 1) to compare with the re-
sults of BD simulation with implicit solvent model. Both
simulations were performed using the MD program AM-
BER 4.1 [36] with united-atom force field, which was
the same as that used in BD simulation. The starting
structures were the same as used for BD simulation. The
explicit water simulation was performed in the constant
NPT ensemble using the peptide (initial structure model
determined by NMR) that was solvated with TIP3P water
in abox extending at least 10 A in all directions, produc-
ing the system of 2,459 water molecules and total 7,681
atoms. The periodic boundary condition was used for ex-
plicit water model simulation. The system was energy
minimized with standard procedure. The temperature of
the system containing water molecules was maintained
by coupling solute and solvent (only for explicit water
model simulation), separately, to an external heat bath
fixed at the reference temperature [37]. The temperature
coupling constant was 0.2 psec. The pressure of the sys-
tem containing water molecules was maintained by cou-
pling the system to an external pressure bath at 1 atm with
a coupling constant of 0.2 psec [37]. All covalent bonds
were constrained with SHAKE algorithm [38]. Thetime
step was 2 fsec. The 9 A non-bonded cut-off was used
and the non-bonded pair list was updated every 10 steps.
Simulation temperature and sampling were the same as
used for BD simulation.

b)

Figure 1. Ribbon representations of the pda8d NMR structure [15]. (&) A view from one side, with
N and C termini labeled. (b) A view of the peptide rotated by 900 with respect to (a) around the

vertical axis. The figures are generated with RasMol [43].
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3 Resaults

3.1 Computational Cost

Table 1 lists the time required to run 1 nsec simulation of
pda8d with various solvent models on an 800 MHz Duron
processor in a personal computer. It also lists the rela
tive times compared to in vacuo (¢ = 1) MD simulation.
in vacuo MD simulation required 1.6 (85.1/52.5) times
more simulation time than the BD simulation without sol-
vation energy. Therefore, the increase of time step from 2
fsec (MD) to 10 fsec (BD) was not so effective for time-
saving. On the contrary, BD simulation with DD/SA sol-

vent model required 53 (4,230/80.0) times less time than
the MD simulation with explicit water moleculeswith the
same cut-off radius (9 A).

3.2 Dynamics

As described above, the BD simulation with DD/SA
model was proved useful for long time simulation. Next
we asked whether the BD simulation gave satisfactory
simulation trajectories concerning the structure and dy-
namics. We compared the simulation results on structure
and dynamics obtained by the various simulation proce-
dures.

Table 1. Computation Time for 1 nsec Dynamics of 28-mer o Peptide

Solvent model Cut-off radius(A) Time(min) Relativetime
Vacuum MD? 9 85.1 1.0
BD without solvation energy® 9 52,5 0.6
DD/SA BD" 9 80.0 0.9
Explicit water MD€® 9 4,230 49.7

aThe simulation was performed using the MD program AMBER with united-atom force field. Dielectric
constant was 1. All covalent bonds were constrained with SHAKE algorithm. The time step was 2 fsec.
Number of atoms was 304.

bThe simulations were performed using the BD program developed here. All covalent bonds were con-
strained with LINCS algorithm. The time step was 10 fsec. Number of atoms was 304.

¢The simulation was performed using the MD program AMBER with united-atom force field. The peptide
was solvated using abox extending at least 10 Ainall directions. All covalent bonds were constrained with
SHAKE agorithm. The time step was 2 fsec. Number of atoms was 7,681.

Vacuum Explicit Water

N NN B~ O

Ca RMS Deviation (A)

o 12 3 4 0 1 2 35 4 0 1 2 5 4 3

Simulation Time (nsec)

Figure 2. The Co. RMS deviations from NMR structure as a function of simulation time. From |eft
to right: vacuum, DD/SA model, explicit water model.
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Figure 2 shows Co. RMS deviations of the peptide
from the NMR structure as a function of time. Snapshots
of each trgjectory at various periods are shown in Figure
3. The DD/SA model and explicit water model simu-
lations appeared to give relatively stable trajectories, as
judged by the smaller RMS deviations compared to that
of in vacuo MD simulation. By in vacuo MD simulation
the structure was almost collapsed quickly and the col-
lapsed structure was stable until 5 nsec. On the other
hand, the simulations using the DD/SA solvent model
and explicit solvent model gave stable trajectories of the
secondary and tertiary structures of the native peptide
over the 5 nsec simulation.

Figure 4 shows the radius of gyration (Ry) of the pep-
tideasafunction of time. The DD/SA solvent model gave

1 nsec 3 nsec
a) U A b) ~
< N\ ) d > \ \
Vacuum . - )
\ -
d e)
DD/SA S U <\ > A
7N V]
g h)
Explicit -« re { \:w P
Water \ v & -
) N, .
N -

stable Rgs at 9.5 A during 5 nsec simulation. The Rys by
DD/SA simulation were almost similar to those obtained
by the explicit solvent simulation. in vacuo simulation
gave much smaller Rys.

We examined the Co positional RM S fluctuations of
the peptide during simulation using various solvent mod-
els (Figure 5). The RMS fluctuations observed in the
simulation using DD/SA model were only alittle smaller
throughout the peptide than those observed in the simu-
lation using the explicit solvent model, in which the fluc-
tuations around the C terminus region of the peptide and
the hairpin turn (residues 7 and 8) were specifically much
larger. On the other hand, the fluctuations observed in
the in vacuo simulation were very small throughout the

peptide.

Figure 3. Ribbon representations of the snapshotsat 1 nsec (a, d, g), at 3 nsec (b, €, h), and at
5 nsec (¢, f, i) in various solvent model simulations. First row is from vacuum simulation (a,
b, c), second row is for DD/SA model (d, e, f) and third row is for explicit water model (g, e,

f). The figures are generated with RasMol [43].

Vacuum DD/SA

Explicit Water

Radius of Gyration (A)

7 1 1 1 1 1 1 1

o 1 2 3 4 0 1 2 39

Simulation Time (nsec)

4

0

T2 3 4 95

Figure 4. The radii of gyration as a function of simulation time. From left to right: vacuum,

DD/SA modd, explicit water model.
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4 Discussion

The BD simulation using the implicit solvent model was
effective for stable simulation in two senses. 1) BD sim-
ulation enables us to use longer time step, which saves
much computer time for longer simulation (i.e. efficient
conformational search). In this study we used the time
step of 10 fsec for 1 step in BD simulation which should
be 5 times more time-saving than MD with 2 fsec for 1
step, but actually BD simulation was only 1.6 fold time-
saving (Table 1). Thisis partly dueto the intrinsic differ-
ence of dynamics algorithm and partly due to the imma-
ture optimization of our BD program, which can be im-
proved by further refinement. 2) BD simulation with the
implicit solvent model provides stable simulation simi-
lar to the MD with explicit solvent molecules (Figures 2,
4). In BD simulation, the number of atoms was 304 for
pda8d (Table 1, legend), whilein MD simulation with ex-
plicit water, the number was 7,681. The implicit solvent
model was effective for saving computation time by de-
creasing the number of atoms considered and the effect is
estimated as 53/1.6 &~ 33 times.

Especially the smaller radii of gyration often ob-
served by in vacuo simulations [39], which were claimed
as main artifacts, considerably improved to similar Ry
values to those obtained with explicit solvent molecules.
A little bit smaller atomic fluctuations observed in the
BD simulation were different from those with the ex-
plicit solvent model (Figure 5). This difference may be
attributed to the energy function using the mean solvation
energy. In addition, the solvation parameters for DD/SA
solvent model in this study have been originally param-
eterized for GROMOS87 force field (ionized side chains
were neutralized) with € = 1 by Fraternali and Gunsteren

[26]. Then, those parameters have been applied in GRO-
MOS96 force field with & = rjj [31] and almost the same
ones have been used for CHARMM19 force field with
€ = 2rjj [40-42]. The difference in solvation parame-
ters between GROMOS96 and CHARMM 19 force fields
is only for og, the former has 0 ca/mol/A2? and the lat-
ter 12 cal/mo/A2. However, there has been no study
that used such solvation parameters for AMBER9L force
field. Therefore, the original solvation parametersfor SA
model may not be suitable for direct usage with AM-
BERO9L1 force field, which might have resulted in smaller
atomic fluctuations. The parameterization of those pa-
rameters for AMBERO9L force field is necessary to solve
thisissue.

We used LINCS algorithm [35] to constrain bond
lengths instead of SHAKE algorithms [38] in our BD
simulations. Both algorithm saved simulation time simi-
larly, thus were useful. However, when we used SHAKE
algorithm in BD simulation, the simulation was some-
times suspended since SHAKE did not converge for large
atomic displacements, especially at high temperatures.
Therefore, we implemented the more stable constraint al-
gorithm, LINCS, in this study.

Although a simple surface area model was used for
solvation energy calculation in this initial development
of the atomistic Brownian dynamics method, the Gener-
alized Born [30] or Poisson-Boltzmann solvation model
can be utilized to improve accuracy of solvation energy
calculation. Furthermore, the replica exchange method
[7] can be combined to increase sampling efficiency in
future development. The results shown in this paper indi-
cate that BD simulation with theimplicit solvent model is
a promising approach that replaces MD simulation with
explicit water molecules.

Vacuum DD/SA Explicit Water

20 —————— — —
=
R | '
s 15} ] ]
Z 10t 1 ]
%)
5 05 _/\\/\/\_\/\/ 1 i
3
Qo OO 1 1 1 1 1 . 1

Residue Number

Figure 5. The RMS fluctuations of Co. atom positions obtained from simulations using different
solvent models. The RM S fluctuation values were calculated from the average values over 2.5 nsec
to 5 nsec period. From left to right: vacuum, DD/SA model, explicit water model.
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5 Conclusions

In this work we have developed an atomistic Brownian
dynamics simulation with implicit solvent model for long
time simulation. We tested it by simulating 28-mer pep-
tide. The atomistic Brownian dynamics algorithm with
implicit solvent model was applied for thefirst timeto an
actual protein having its own structure Bpo.. The BD sim-
ulation using DD/SA solvent model was 53 times faster
than the corresponding MD simulation using the explicit
solvent model. The main artifacts typically encountered
in in vacuo simulations, namely smaller radii of gyration
and atomic fluctuations, were considerably reduced when
applying the DD/SA solvent model to BD simulation.
Therefore, the BD simulation with the implicit solvent
model is potentially useful for studying thermodynamics
and kinetics of protein folding.

6 Agreement for using the program

This atomistic Brownian dynamics program is freeware.
Please contact us by e-mail when you want to use the
program.

This work was supported (I. Y.) by a Grant-in-Aid for
Scientific Research on Priority Area (C) Genome Infor-
mation Science from the Ministry of Education, Culture,
Sports, Science and Technology of Japan.
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