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less computationally efficient and it does not account for reversible
reactions. Neither Smoldyn nor Smoluchowski theory directly
simulate reactions with orders that are greater than two or non-
integer, but rather decompose these into individual bimolecular
reactions.

(vii) Smoldyn typically deposits reaction products at the reaction
location. However, it places them elsewhere in three important
cases. (a) If two reaction products can react with each other,
Smoldyn separates them by a distance called theunbinding radius
[21] (typically similar to the binding radius for these molecules),
which produces accurate reaction rates by reducing the probability
of product recombination [42]. (b) If the reaction simulates
conformational spread, in which allosteric changes in protein activity
are transmitted by direct contact between neighboring proteins
[43], then Smoldyn places the products at the same locations
previously occupied by the reactants. For conformational spread,
the typical reaction notation is A+ B R A’ + B, with the
interpretation that B converts A to A’ through direct contact.
Smoldyn simulates conformational spread reactions with first
order reaction rates if the reactants are within a pre-defined
interaction distance. (c) If the reaction is used to give molecules
excluded volume, then Smoldyn separates the products by a
distance that is slightly larger than the binding radius and places
them on the line that connected the reactants. While this method is

not as accurate as ballistic reflection methods, it is still useful; for
example, it can assure that molecules cannot pass each other in
pores and it can be used to separate molecules by realistic
distances.

(viii) So that the user does not need to enumerate the
‘‘combinatorial explosion’’ [44] of individual species and reactions
that result when proteins form multimeric complexes or are post-
translationally modified (e.g.phosphorylation), Smoldyn generates
species and reactions automatically from lists of interaction rules.
These rules include molecule binding sites, modification sites, and
allosteric interactions. Smoldyn performs this reaction network
expansion as new species and reactions arise in a simulation [45]
using the libmoleculizer software module [32] (derived from
Moleculizer [31]).

Taken together, this set of algorithms allows Smoldyn to
represent most biochemical processes that take place among
proteins and small molecules, in 1, 2, or 3 dimensional space and
on surfaces and membranes. For example, this capability will bring
most cell signaling systems within reach of particle-based
modeling. Currently absent, however, from Smoldyn and nearly
all comparable simulators are algorithms that specifically address
moving or distorting membranes, and the dynamics of biopoly-
mers (including microtubules, actin filaments, and most conspic-
uously, DNA).

Figure 2. Algorithms used in Smoldyn. The bottom-right panel is a key. The front and back sides of surfaces are noted with ‘F’ and ‘B’,
respectively. (A) Diffusion for solution and surface-bound molecules; note that there is no excluded volume. (B) From left to right, interactions
between molecules and surfaces are: reflection, absorption, transmission, adsorption, desorption, and surface-state conversion. (C) Zeroth order
chemical reaction. (D) First order chemical reaction. (E) In these sequential association and dissociation reactions, ab is the binding radius and au is the
unbinding radius. The last frame shows two possible scenarios, which are the geminate recombination of the dissociation products (dashed arrows)
or diffusion of these products away from each other (solid arrows). (F) Conformational spread reaction with interaction distance rc.
doi:10.1371/journal.pcbi.1000705.g002
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Accuracy and efficiency
Figure 3 shows that simulation data for several of the core

Smoldyn algorithms agree well with analytical theory for wide
ranges of rate constants, and that this holds for both cumulative
results and fluctuations. Using Pearson’sx2 test, we found no
statistically significant differences between data and theory (see
Text S2). These agreements, along with additional tests presented
in Text S1, the Smoldyn user’s manual and theoretical work in the
algorithm derivations [21,30], show that individual Smoldyn
algorithms are quite accurate both at and away from steady state.
In addition, Smoldyn simulations that combine multiple algo-
rithms become exact as time steps are reduced towards zero. On
the other hand, Smoldyn simulations with multiple processes and
finite time steps are necessarily approximate, in part because
individual simulated molecules can only take part in a single
reaction or adsorption events during single time steps.

Smoldyn simulation run times scale linearly with the number of
simulated molecules (Text S3). However, the number of chemical
reactions minimally affects Smoldyn run times because the
Smoldyn algorithms iterate over molecules rather than possible
reactions. In contrast, spatial Gillespie methods scale linearly with
the number of reactions [10], or logarithmically if they use the
Gibson-Bruck algorithm [46].

We compared the run times for ChemCell, MCell, and
Smoldyn using identical models of a Michaelis-Menten reaction.
These models comprised 10,000 molecules (10% enzyme, 90%
substrate initially) and ran for 10 s of simulated time in 1 ms time
steps. As Table 2 shows, Smoldyn took 47 s to run this test (on a
MacBook Pro laptop with a 2.33 GHz Intel Core 2 Duo processor
and OS 10.4.11, and with single-threaded operation), which was
more than a factor of 2 faster than either ChemCell or MCell. All
simulated results agreed well with mass action theory (Text S1). To

Figure 3. Tests of Smoldyn accuracy. Each panel presents simulation results with points and theoretical results for the same parameters with solid
lines. Where present, different shape points represent simulation data for different rates. Inset panels present fluctuations of the same simulation data
shown in the main panels, with parameters that are reduced so as to highlight the fluctuations and provide meaningful comparisons between data sets.
Here, solid lines represent theoretical expectation values and dashed lines are drawn one standard deviation, analytically calculated from theory, above
and below the expectation values. Configuration files and analytic calculations are included with Text S2. (A) Mean square displacements of three
populations of freely diffusing molecules that have the listed diffusion coefficients. (B) First order decay reactions (A R Ø) of three populations of
molecules that have the listed reaction rate constants. The reduced reaction rate is the reaction rate per molecule per unit of reduced time. (C)
Bimolecular association and decay reaction between A and B molecules (A + B R Ø), using the same parameters that are presented in Figure 7 of
Andrews and Bray [21]. The reduced reaction rate is the reaction rate per A molecule. (D) Adsorption of molecules that are uniformly distributed initially
to planar surfaces with the listed adsorption coefficients. The inset panel shows fluctuations in the k = 5 mm s2 1 simulation data.
doi:10.1371/journal.pcbi.1000705.g003
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give a sense of scale, there are 11,200 molecules in Figure 1A [29],
about 40,000 protein molecules that regulate chemotaxis in a
single E. coli [47], and about 40,000 proteins in the core
pheromone response system in a singleSaccharomyces cerevisiae. This
comparison is likely to be representative of typical simulations
because bimolecular reaction simulation comprises most of the run
time for Smoldyn, and likely for the other simulators as well.
Smoldyn also supports multiple program threads although these
do not provide substantial speed improvements at present.

Example: the effect of Bar1 on yeast signaling
We used Smoldyn’s capabilities to explore a simple model.

When haploid Saccharomyces cerevisiaeof opposite mating types
(MATa and MATa) are in proximity, they can mate and form a
diploid [48]. MATa cells detect a pheromone (a-factor), secreted
by MATa cells, and use the concentration and gradient of the
pheromone to grow toward and discriminate among potential
MATa partners [49,50]. Exposure to pheromone also increases the
rate at which MATa cells secrete a pheromone-degrading
protease, Bar1 [51,52]. Barkaiet al. showed that a uniform
concentration of Bar1 would attenuatea-factor signals coming
from distantMATa cells more than from close cells, thus helping
MATa cells locate the closest potential mating partners [53].
However, this result does not apply to low densities ofMATa cells.
Here, the Bar1 concentration should be highest nearMATa cells,
both because Bar1 binds to cell walls [54] and because Bar1
dissipates as it diffuses away. This is precisely the experimental
setup in partner discrimination assays, such as that shown in
Figure 4A. In these assays,MATa cells are surrounded byMATa
cells that secrete different amounts ofa-factor. Jackson and
Hartwell found that MATa cells usually choose the strongest
pheromone emitter, and make this choice most accurately when
theMATa cells express Bar1 [50,55]. We modeled this experiment
with Smoldyn.

Figure 4A shows a snapshot of the Smoldyn simulation. There are
two kinds ofMATa cells: one cell secretes a normal level ofa-factor
(the ‘‘target’’ cell) and other cells secrete 5% of the normala-factor
level due to mutations inmfa1 MFa2 [50]. These cells surround a
central MATa cell. Onto the surface of theMATa cell we
introduced 6622 stationary Ste2 receptor molecules [56] which
bounda-factor according to experimentally measured rates [57]. In
some simulations, theMATa cell secreted Bar1. We chose the Bar1
secretion rate, and its catalytic proteolysis reaction rate, so that Bar1
would increase the receptor occupancy EC50 by about a factor of 5
(Figure 4B), which is a conservative estimate for the experimental
shift [57]. The simulations shown here did not permit Bar1 to bind
to cell membranes for simplicity, but agree well with others (not
shown) that permitted binding. Finally, we estimated diffusion
coefficients with the Stokes-Einstein equation, using the assumption
that the extracellular viscosity is similar to that of mammalian
cytoplasms [58]. (See Text S4 for further details.)

We simulated systems at each of ninea-factor secretion rates.
During the first 100 s of each secretion rate, the systems
equilibrated to a nearly steady state, which we assessed using
time-dependent concentrations and concentration gradients of all
simulated molecular species. Every 2 s for the next 400 s, Smoldyn
recorded the number and the mean position of receptor molecules
bound to a-factor. We defined the vector that pointed from the
MATa cell center to one of these mean positions, which we labelr ,
to be the ‘‘position signal’’ that theMATa cell received. Each
vector represented the cell’s instantaneous measurement of the
local 3-dimensionala-factor gradient. Next, we defined the
‘‘GPCR-a gradient’’ as the component ofr that points towards
the targetMATa target cell, divided by the radius of theMATa

cell. This created a simple metric that could range from –1 to 1; it
is 0 ifa-factor binds randomly to receptors, and is 1 ifa-factor only
binds the receptors closest to the targetMATa cell.

Figure 4C shows GPCR-a gradient values, averaged over all
time points of eacha-factor secretion rate. It shows that Bar1
substantially increased the measured gradient of receptor-bound
pheromone over a wide range ofa-factor secretion rates. This
occurred because Bar1 degradeda-factor molecules as they

Figure 4. A model of the effect of the Bar1 protease on yeast
signaling. (A) A snapshot of the system shown at steady state and with
a target cell release of about 46 104 a-factor molecules per second. It is
surrounded by a triangulated spherical boundary which absorbs
molecules with Smoldyn’s ‘‘unbounded-emitter’’ method. The central
sphere is a MATa cell, light grey spheres are challenger MATa cells, and
the dark grey sphere on the right is the target MATa cell. Blue dots are
unliganded GPCRs, red are GPCR-a complexes, green are Bar1 molecules,
and black are a-factor molecules. Model details are presented in Text S4.
(B) Average receptor occupancy for Bar1+ and Bar1– cells (see legend).
These data fit well to Hill functions with unit cooperativity but with a 5-
fold difference in their EC50s. (C) Average gradient of GPCR-a complexes
across the surface of the MATa cell. It is scaled so that 0 represents no
gradient and 1 represents the maximum possible gradient. (D) Angle
difference between vectors that point from the MATa cell center to (i) the
average position of the GPCR-a complexes and to (ii) the target cell
center, averaged over all time points. This figure shows that although
Bar1 decreases a-factor binding to the MATa cell, it increases the MATa
cell’s ability to locate the target MATa cell.
doi:10.1371/journal.pcbi.1000705.g004
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