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The interiors of all living cells are highly crowded with macromolecules, which results in a
considerable difference between the thermodynamics and kinetics of biological reactions in vivo
from that in vitro. To begin to elucidate the principles of intermolecular dynamics in the crowded
environment of cells, employing Brownian dynamics (BD) simulations, we examined possible
mechanism(s) responsible for the great reduction in diffusion constants of macromolecules in vivo
from that at infinite dilution. In an E. coli cytoplasm modelcomprised of 15 different
macromolecule types at physiological concentrations, where macromolecules were represented by
spheres with their Stokes radii, BD simulations were performed with and without hydrodynamic
interactions (HI). Without HI, the calculated diffusion constant of green fluorescent protein (GFP)
is much larger than experiment. On the other hand, when HI were considered, the in vivo
experimental GFP diffusion constant is almost reproduced without adjustable parameters. In
addition, HI give rise to significant, size independent intermolecular dynamic correlations. These
results suggest that HI play an important role on macromolecular dynamics in vivo.

1. Introduction
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One of the most characteristic features of the interiors of cells is the high total concentration
of biological macromolecules. Typically, 20-40% of the cytoplasmic volume is occupied by
proteins, nucleic acids and other macromolecules [1-3]. Under these conditions, although the
molar concentration of each protein ranges from nM to μM, the distance between
neighboring proteins is comparable to the size of the proteins. Therefore, simulating the
crowded intracellular environment is crucial to understanding the nature of living systems.
Diffusion is one of the most important physical parameters that describe motions of
molecules in a fluid. Recently, Elowitz et al. [4] and Konopka et al. [5] applied fluorescence
recovery after photobleaching to measure the diffusion coefficient of green fluorescent
protein (GFP) in the E. coli cytoplasm. Both groups reported that the diffusion coefficient of
GFP in vivo is about 10 times less than that at infinite dilution in water. What is responsible
for this reduction? In this study, as a necessary first step towards whole cell modeling, we
performed Brownian dynamics (BD) simulations of the E. coli cytoplasm to address the
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importance of hydrodynamic interactions on diffusion. While intermolecular HI play an
important role in determining the dynamics of concentrated particles [6, 7], it has been
neglected in the most simulations of biological macromolecules due to its long-range nature
and high computational cost. Here, we apply Stokesian dynamics to simulate the diffusion of
a polydisperse collection of macromolecules in crowded, heterogeneous intracellular 3D
environments.

2. Methods
2.1. Hydrodynamic Interactions
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The Rotne-Prager-Yamakawa (RPY) tensor is commonly used to take into account the HI in
dynamic simulations of biomolecules because this tensor retains positive definiteness even
when particles overlap [8-10]. Actually, the RPY tensor contains the two-body long-range or
far-field contributions to particle mobility. However, in concentrated systems, e.g. the inside
of cells, far-field many-body HI as well as near-field HI, so-called “lubrication forces”, play
important roles in determining mobility (see Fig. 4 in Ref. [11]). In order to include not only
the far-field HI but also the many-body and near-field HI in simulations, the DurlofskyBrady-Bossis approach to “Stokesian dynamics” was used [6, 12]. Their approach can
reproduce the properties of dense monodisperse suspensions whose volume fraction is up to
0.50 [13, 14]. Here, we briefly outline this method. For details, please refer to the original
reference [12].
For N particles system in a Newtonian fluid and in absence of an external shear flow, the
hydrodynamic forces acting on particles, F, are related to the particle velocities, U, through
the Stoke equation:
(1)

where R is the resistance matrix and is the inverse of the mobility matrix, M:
(2)
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When torque-angular velocity is not considered, the so-called “F version” in Ref. [12], F and
U are 3N × 1 vectors and R and M are 3N × 3N matrices. Then, the diffusion matrix of the
system is simply given by
(3)

Here, kB is Boltzmann constant and T is the temperature. The resistance tensor R, which
contains both near-field lubrication effects and far-field many-body interactions, is
calculated as
(4)

The first term, (z∞)−1, represents the contribution of many-body, far-field interactions. The
second term, R2B, represents the exact two-body HI, which includes both near-field and far-
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field interactions. The third term R2B∞ is the resistance tensor that represents two-body farfield interactions. The far-field part has already been included on (M∞)−1. Thus, in order not
to count these interactions twice, we must subtract off the two-body interactions. This is the
standard method to correct for the lubrication effects in the resistance tensor.
M∞ can be estimated by the Ewald summation of the RPY tensor developed by Beenakker
for the case of periodic boundary conditions [15]. Due to the long range nature of HI (which
decays as 1/r, with r the intermolecular distance between particles), use of the Ewald
summation technique is necessary not only for accuracy but also for obtaining positive
definite matrices in the calculation of the mobility tensor under periodic boundary
conditions [14]. In addition, inverting M∞ corresponds to including many-body interactions
[12]. R2B is calculated by the exact two-body solution of Jeffrey and Onishi [16]. R2B∞ is
obtained by simply inverting a two-body mobility matrix containing terms to the same order
in 1/r as M ∞.
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When lubrication effects were added to the resistance tensor, the correction method
developed by Cichocki et al. [17] is used to prevent a divergence of the translational selfdiffusion coefficient for certain configurations. Collective motions are separated out from
the standard lubrication correction as follows [17]:
(5)

where

(6)

(7)

Here, α and β represents indices of particles, and the matrix q is given by
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(8)

This modified correction method was essential to prevent a divergence of the translational
self-diffusion coefficient for our crowded and heterogeneous system.
2.2. Brownian Dynamics Algorithm
When HI are considered, the diffusion tensor macromolecule depends in principle on the
configuration of the entire system and varies over time. We can write the propagation
equation for such Brownian particles as
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(9)
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where r is the particle's position vector and Fp is the deterministic conservative force acting
on the particle. G(Δt) is the random displacement due to Brownian motion, which has the
following properties:
(10)

In contrast to a BD algorithm with constant diffusion tensors, we need to evaluate the spatial
gradient of the mobility tensor in the BD simulation with HI, in which the explicit
computation of ∇. M is a O(N3) task. To avoid this expensive calculation, we used a method
introduced by Banchio and Brady [18], which is based on Fixman's idea [19], the so-called
“mid-point scheme”. In this method, Eqs. 9 and 10 are re -written as follows:
(11)
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(12)

Here, FB is the Brownian force, obtained through the Cholesky decomposition [20]. The
procedure for this mid-point algorithm is the following:
1.

Compute the velocity U0 using an initial configuration r0
(13)

Here, superscript 0 represents the value evaluated at position r0.
2.

Move the particles to intermediate positions r’ by a small fraction of a time step,
Δt/m
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(14)

In this study, an m of 100 was used.
3.

Calculate a new velocity U’ at the intermediate positions using the forces evaluated
at r0
(15)

4.

Calculate the drift velocity, Udrift,
(16)
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5.

Finally, update the positions of the particles for time step Δt.
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(17)

For the simulations without HI, Ermak and McCammon algorithm described by Eqs. 9 and
10 was used [20, 21].
2.3. Simulation System
A simulation system having over 1,000 macromolecules consisting of 15 different kinds of
proteins and tRNA was constructed in a 100 nm × 100 nm × 100 nm box based on the data
reported by Ridgway et al [22] and the CyberCell database of the physical properties of E.
coli [23], where each macromolecule was represented by an equivalent sphere with their
Stokes radii (Table 1, Fig. 1). Stokes radii were estimated by using rigid-particle theory [21,
24]. The macromolecular concentration was set to 300 mg/ml, which is a reasonable
estimate of the macromolecular concentration in E. coli (300−340 mg/ml) [3]. Volume
occupancies calculated with the Stokes radii and radii of gyration of the macromolecules are
51% and 22%, respectively.
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2.4. Repulsive Interaction Model
Repulsive interactions between intermolecular particles in BD simulations without HI were
represented by a soft-sphere potential described by
(18)

where rij is the distance between particles i and j, and kss is a force constant. rm is rc + Δss, in
which rc is sum of radii of particles i and j, ai and aj, and Δss is an arbitrary parameter
representing a buffer distance between particles. In this study, a Δss of 2 Å and kss of 5kBT/
Δ 2ss were used, which means Vss = 5kBT at the distance rc. In BD simulations with
lubrication forces, we do not use any repulsive forces between particles, since the lubrication
forces prevent particles from overlapping.
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2.5. Simulation Conditions and Analysis
All simulations were performed at 298 K with periodic boundary conditions. For all
simulation systems, ten different initial configurations for each system were randomly
generated without significant overlaps to insure representative conformational sampling. For
BD simulations of the repulsive model without HI, 30 μs simulations were performed with a
time step of 0.5 ps. For simulations with HI, 12 μs simulations were performed with a time
step of 2 ps. Trajectories for the first 5 μs of simulations were discarded for analysis. In
calculating lubrication forces, particle pairs having s < 4 were evaluated every time step,
where s = 2rij/(ai + aj). On the other hand, since far-field HI are insensitive to small
configuration changes, M∞ was computed every 500 steps.
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In simulations that include HI, the short-time self diffusion coefficient for translational
motion of particle type i,

, is defined by [11]
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(19)

Here, Ni is the number of type i particles in the system and Dαα is the 3 × 3 matrix of the
self part of the diffusion tensor. The long-time self diffusion coefficient is defined as
(20)

Finally, to analyze the correlations between particles in time and space, we calculate the
normalized pair correlation function, Cij, given by
(21)
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where d0 is a specified the surface distance between particles i and j, and τ is the time
interval. δ(d0 – dij) is the Dirac delta function. dij is the surface distance between particles i
and j at time t given by
(22)

The summation in Eq. 21 is over all time points t and all independent simulations.

3. Results
3.1. Effect of Excluded Volume and Hydrodynamic Interactions on Diffusion
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We performed BD simulations with and without HI to evaluate the effects of HI on diffusion
in crowded environments. In addition to the RPY [25, 26] interaction tensor, (widely used in
biomolecular simulations to incorporate the long-range effects of HI), we also account for
the lubrication forces that play a crucial role in the short-range interactions that are
especially important in dense systems [6, 11].
Fig. 2 shows DS/ D0 and DL/ D0 values at three different concentrations as a function of
Stokes radius, where D0 is the diffusion coefficient in infinite dilution. DL/ D0 obtained from
the BD simulations of sphere systems with just steric repulsions are also shown. Similar to
the simulations without HI, DS/ D0 and DL/ D0 decrease with increasing radius. For DS, HI
greatly reduces the diffusion constants of all particles; in contrast, DS is always equal to D0
when HI are ignored; the reduction in short-time diffusion coefficient is a purely
hydrodynamic property; DS equals D0 when HI are absent [13].
In in vivo experiments, DL/D0 of GFP is 0.06–0.09 [4, 5] (see Fig. 2). On the other hand,
DL/D0 value of GFP in the simulated equivalent sphere system without HI is 0.31; this is
more than 3 times larger than experiment. This result indicates that although excluded
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volume effects reduce macromolecular diffusion in intracellular environments, they cannot
explain the factor of ~10-16 reduction observed in vivo. However, when HI are considered,
BD simulations give DL/D0 of 0.14 for at 300 mg/ml, which is close to the observed
experimental values (Fig. 2). Because the concentration of macromolecules in the E. coli
cytoplasm is estimated to be in range of 300−340 mg/ml [3], the concentration of 300 mg/ml
used in this study is a lower limit of physiological conditions. Therefore, diffusivity of GFP
obtained from the simulation at higher concentrations get even closer to experiment. These
results indicate that steric crowding and HI are two major factors responsible for the
reduction in diffusion of macromolecules in intracellular environments. Indeed, without any
other assumptions, these two effects well reproduce the experimentally observed diffusion
constant of GFP in vivo.
3.2. Large-distance and Long Time Intermolecular Correlations
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Next, the dynamical correlations in space and time between macromolecules were
examined. Such effects are expected to be present when HI are included. To analyze the
correlation between particles, we calculated a normalized pair correlation function, Cij. Cij
ranges from −1 to 1. When two particles are positively correlated, Cij > 0, and when they are
negatively correlated, Cij < 0.
Representative Cij of large and small particle pairs up to 100 ns in time and 10 Å in space
for the sphere system with and without HI as well as with the non-specific attractive
interaction model are shown in Fig. 3. In the model without HI, where DL ~3 times larger
than in the HI model, (Fig 3 top) Cij < 0.1 even at short times (< 30 ns) for both pairs. In
contrast, for both pairs of molecules, a significant positive intermolecular dynamic
correlation for the simulation with HI is evident, though these are on average weak, Cij <
0.3. These results clearly show that HI give rise to quite long distance and time dynamical
correlations between particles of all sizes even in the high crowded environment.

4. Discussion
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The goal of this study is to evaluate the role of HI in the reduction of macromolecular
diffusion in intracellular environments. To ascertain the importance of HI, we performed BD
simulations that take into account not only far-field HI but also near-field lubrication effects
in three dimensions. The key finding of this work is that the two factors, excluded volume
effects and HI, are sufficient to explain the large reduction in diffusion of macromolecules
observed in vivo. Indeed, the diffusion constant of GFP in vivo can be almost quantitatively
predicted by the inclusion of HI without any adjustable parameters or other ad hoc
assumptions.
A number of other factors can also affect intracellular diffusion: 1) Electrostatic interactions
between molecules. In principle, electrostatic interactions are long-ranged. However, the salt
concentration inside cells is ~150 mM, so that they are well screened with a Debye length of
~8 Å. McGuffee and Elcock recently simulated a bacterial cytoplasm model where
electrostatic interactions were treated by using Poisson-Boltzmann equations [27]. However,
the diffusion coefficient of GFP is just slightly smaller than that obtained without
electrostatic interactions; both values were 3-4 times larger than experiment. Heterogeneous
Quantum Bioinform V (2011). Author manuscript; available in PMC 2015 January 15.
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charge distributions on molecular surface, like in real biomolecules, may affect
macromolecular motions. However, since electrostatic interactions are highly screened due
to the short Debye length found in physiological conditions, we believe that our conclusions
would not qualitatively change. 2) Viscosity of the cytoplasm. In our simulations, the
viscosity of the cytoplasm equals the value in water. The in vivo cytoplasm viscosity has
been measured and is not significantly larger than bulk water, i.e. it is less than 2 cP [2, 22,
28]. 3) GFP dimerization. It is well known that GFP tends to dimerize in solutions of low (<
100 mM) ionic strength [29]. All of these physical factors will decrease macromolecular
diffusivity in vivo. However, based on other work [27] and our results, which show that the
reduction in diffusion of GFP in the simulation with HI is close to experiment, we expect the
contribution of these three factors to be small.
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Our results have demonstrated the likely importance of HI in macromolecular diffusion in
vivo. However, there are a few possible limitations: First, the properties of a fluid on the
nanometer scale are different from the bulk [30-32]. HI determined by solving Stokes
equations may not fully describe the molecular situation. In order to fully validate the
continuum limit assumption, molecular dynamics simulations with explicit solvent models
would be necessary. Second, HI were considered only for the equivalent sphere system
where the detailed molecular shape is ignored. Without HI, we demonstrated that this is a
very good approximation [21, 24], but we have not explicitly shown this for the system with
HI. Recently, an analytical formula that estimates the crossover time from anisotropic to
isotropic diffusion of an arbitrarily shaped object in three dimensions using its 6N × 6N
diffusion tensor matrix was introduced [33]. The longest crossover time of molecule in our
simulation system estimated by using this formula is 1.7 μs for the ribosome. Therefore, the
effect of shape and diffusion anisotropy on the analysis of long-time translational diffusion
is expected to be small.
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Genome-sequencing has provided a detailed “parts list” for life [34]. Recently, the proteome
wide prediction of protein structure and function has also become practical [34-40]. The
next frontier in biophysics is to integrate this information and construct in silico cells that
not only can describe the behavior of living systems in terms of individual biomolecules but
which also can elucidate new biological principles describing their collective behavior. Until
now, little attention has been paid to the biophysical properties of the crowded,
heterogeneous environments found in cells, which have a great impact on the biological
processes taking place. Therefore, modeling these crowding effects is an important first step
towards whole cell simulation. The simulation method developed in this study could be a
good tool to analyze the in vivo thermodynamics and kinetics of macromolecular dynamics.
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Figure. 1.

Simulation system in 100 nm × 100 nm × 100 nm box. Macromolecules are represented in
different colors. Radii of molecules correspond to their Stokes radii.
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Figure 2.

NIH-PA Author Manuscript

Reduction in diffusivity as a function of Stokes radius. Plus, cross, and asterisk are
diffusivity of GFP measured in vivo of DH5α [4], BL21(DE3) [5], and K-12 [5] E. coli,
respectively.

NIH-PA Author Manuscript
Quantum Bioinform V (2011). Author manuscript; available in PMC 2015 January 15.

ANDO and SKOLNICK

Page 12

NIH-PA Author Manuscript

Figure 3.

Normalized pair correlation function, Cij, averaged over GFP-GFP (left) and RNA
polymerase-RNA polymerase (right) pairs. The Stokes radii of GFP and RNA polymerase
are 24.0 and 66.5 Å, respectively.
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Simulated macromolecules, their physical properties, and number in 100 nm × 100 nm × 100 nm simulation
box.
Name

PDB ID

Molecular weight (kDa)

Molecular
weight
range
*
(kDa)

Radius
of
gyration
(Å)

1JL1

17.5

0-20

GFP

1W7S

26.9

Malonyl CoA-acyl carrier protein transacylase

1MLA

32.4

Triosephosphate isomerase

1TRE

Fructose 1-6 bisphosphate aldolase

1DOS

Ribonuclease HI

Enolase 6-phosphogluconate dehydrogenase

†

D0 (Å2/ns)

Number
of
molecules
in the
box

14.9

21.4

11.4

70

20-40

16.9

24.0

10.2

113

20-40

18.5

25.7

9.52

94

54.0

40-60

24.5

31.7

7.73

126

78.2

60-80

28.5

36.8

6.67

91

1E9I

91.3

80-100

26.5

35.9

6.82

92

2ZYA

106.6

100-120

29.4

39.2

6.26

31

2HWG

129.3

120-140

31.8

42.5

5.77

34

1S7C

145.0

140-160

31.6

43.1

5.69

42

Cystathionine gamma-synthase

1CS1

167.5

160-180

33.2

45.4

5.40

6

Phosphoglycerate dehydrogenase

1YBA

182.1

180-200

40.1

49.2

4.99

12

RNA polymerase

1IW7

432.9

200+

50.3

66.5

3.69

76

GroEL/ES

1AON

877.6

200+

68.4

85.2

2.88

37

3I1Q, 3I1R

2,155.2

Ribosomes

84.3

115.2

2.13

29

3CW5

24.8

tRNAs

22.7

27.8

8.83

299

Phosphoenolpyruvate-protein phosphotransferase
Glyceraldehyde-3-P dehydrogenase
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70S Ribosome
Initial tRNA
*

This molecular weight range corresponds to the class used in Ref. [22].

†

Stokes radii were calculated by 6πηa = kBT/D0, where η is the viscosity of water, D0 is the translational diffusion coefficient in dilute solution

estimated by the rigid-particle theory [21, 24], and a is the Stokes radius.
‡

‡

Stokes radius (Å)

The diffusion constants are at 298 K.
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