
Biofouling, 2018
VOL. 34, NO. 3, 335–345
https://doi.org/10.1080/08927014.2018.1440392

Agent-based model of diffusion of N-acyl homoserine lactones in a multicellular 
environment of Pseudomonas aeruginosa and Candida albicans

Gael Pérez-Rodrígueza,b, Sónia Diasc,d, Martín Pérez-Péreza,b, Florentino Fdez-Riverolaa,b, Nuno F. Azevedoe   and 
Anália Lourençoa,b,f 
aESEI – Escuela Superior de Ingeniería Informática, Universidad de Vigo, Ourense, Spain; bCINBIO - Centro de Investigaciones Biomédicas, 
University of Vigo, Vigo, Spain; cESTG - Instituto Politécnico de Viana do Castelo, Viana do Castelo, Portugal; dLIAAD-INESC TEC, University of 
Porto, Porto, Portugal; eLEPABE – Department of Chemical Engineering, Faculty of Engineering, University of Porto, Porto, Portugal; fCEB - Centre 
of Biological Engineering, University of Minho, Braga, Portugal

ABSTRACT
Experimental incapacity to track microbe–microbe interactions in structures like biofilms, and 
the complexity inherent to the mathematical modelling of those interactions, raises the need for 
feasible, alternative modelling approaches. This work proposes an agent-based representation 
of the diffusion of N-acyl homoserine lactones (AHL) in a multicellular environment formed by 
Pseudomonas aeruginosa and Candida albicans. Depending on the spatial location, C. albicans cells 
were variably exposed to AHLs, an observation that might help explain why phenotypic switching 
of individual cells in biofilms occurred at different time points. The simulation and algebraic 
results were similar for simpler scenarios, although some statistical differences could be observed 
(p < 0.05). The model was also successfully applied to a more complex scenario representing a small 
multicellular environment containing C. albicans and P. aeruginosa cells encased in a 3-D matrix. 
Further development of this model may help create a predictive tool to depict biofilm heterogeneity 
at the single-cell level.

Introduction

In biofilms, microorganisms are embedded in a heteroge-
neous three-dimensional matrix, and the steep chemical 
or physical gradients that can be found within this matrix 
imply that isogenic cells often display different phenotypes 
(Flemming et al. 2016; Gao et al. 2016). While a few stud-
ies provide preliminary insights into this intercellular het-
erogeneity (eg Tsimring; Carnes et al. 2010; Stiegelmeyer 
and Giddings 2013; Trovato et al. 2014; Yu 2014), it is still 
complex and time-consuming to understand and predict 
the behaviour of individual cells in a spatially structured 
consortium.

One common example of cellular heterogeneity in 
biofilms is observed when Pseudomonas aeruginosa and 
Candida albicans form mixed species biofilms. C. albicans 
and P. aeruginosa are commonly found together in the 
lungs of cystic fibrosis patients and both microorganisms 
frequently infect immunocompromised individuals (Trejo-
Hernández et al. 2014; Fourie et al. 2016). Under certain 
host circumstances, some of the C. albicans cells alter their 

morphology from yeast to hyphal and are able to invade 
epithelial cells and cause tissue damage (Sudbery 2011).

Morphological transition in C. albicans is mediated by 
a wide range of phenomena, from environmental factors 
to molecular cues (Peleg et al. 2010). One of those cues 
is 3-oxo-C(12)-homoserine lactone, a compound that 
belongs to the well-known class of quorum-sensing mol-
ecules named N-acyl homoserine lactones (AHLs) (Méar 
et al. 2013; Fourie et al. 2016). This AHL is secreted by  
P. aeruginosa and is known to inhibit hyphal development 
at concentrations of 200 μM (Hogan et al. 2004). While it 
is possible to quantify the percentage of C. albicans cells 
that are able to do the transition in a mixed species biofilm, 
no current method provides further understanding of why 
some cells undergo the transition while others do not. One 
hypothesis is that the different phenotypes are somewhat 
related to the different localisation of the cells in the biofilm 
(Alberghini et al. 2009). For instance, it would be expected 
that the C. albicans cells that are closer to the P. aeruginosa 
cells (and hence, more immediately exposed to a higher 
concentration of AHLs) would transition more slowly.
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where kB is the Boltzmann’s constant, T is the absolute 
temperature, η is the viscosity of the medium, and r is the 
hydrodynamic radius of the spherical particle. The value 
of viscosity was considered to be similar to water at 37°C, 
as biofilms are composed by 70–95% of water (Flemming 
1993). Moreover, a formerly established equivalence 
between time and time steps, ie 1 time step = 2.05E-9 s, 
was considered (Pérez-Rodríguez et al. 2016).

Agent-based simulations studied the impact of spa-
tial location over cell phenotypic switching. Simulations 
included multiple scenarios of cell distribution and each 
simulation was replicated six times. For simplicity, the 
simulation environment was dimensioned to fit the popu-
lation of cells studied in each group of simulations (ie cell 
volume times the number of cells) and a minimal volume 
of extracellular space (ie a realistic spacing between the 
cells).

At the beginning of the simulation, each P. aerugi-
nosa cell secreted 5,000 AHL molecules. Depending on 
the simulation volume and the number of cells releasing 
AHLs, the number of molecules corresponded to a con-
centration of ~ 1–10 nM, which is in accordance with the 
concentration of AHLs typically estimated in microbial 
cultures (Hogan et al. 2004). Furthermore, the diffusion of 
the AHL molecules was implemented as a perpendicular 
movement to the surface of the P. aeruginosa cells, and 
those molecules that reached the simulation boundary 
would leave the environment. When possible, simulations 
results were compared against a mathematical model to 
verify the coherence of the ABM.

The first group of simulations analysed the effect of 
the distance d between C. albicans and P. aeruginosa cells. 
The volume of the simulation environment was 1,531–
2,040 μm3, and included one fungal cell and one bacte-
rial cell, aligned in an imaginary x-axis. The underlying 
assumption was that the percentage of AHL molecules 
reaching the C. albicans cell would depend on the distance 
between both cells, ie the closer the P. aeruginosa cell is 
to the C. albicans cell, the more AHL molecules would 
reach C. albicans.

The second group of simulations studied the impact of 
the number of cells as well as their orientation and locali-
sation over cell communication. The volume of the simu-
lation environment was 1,633–6,226 μm3. The comparison 
of simulation results was based on the percentage of AHL 

The aim of this study was to demonstrate the usefulness 
of agent-based modelling (ABM) to predict morpholog-
ical transitions in mixed species biofilms. The C. albicans 
and P. aeruginosa multicellular environment was used as 
a proof-of-concept to study, in future, quorum sensing 
(QS) in biofilms. For the simplest scenarios, where one  
P. aeruginosa cell would be in the presence of one C. albicans 
cell, ABM results were compared against results obtained  
by an algebraic approach. The final model represents a 
mixed population of C. albicans and P. aeruginosa cells, 
where fungal cell transition to the hyphal form depends 
on a pre-established, experimentally observed threshold 
of AHL molecules reaching the fungal cell.

Materials and methods

Agent-based model of AHL diffusion in multicellular 
environments

The proposed model describes a mixed population of  
C. albicans and P. aeruginosa cells. Moreover, it describes 
the secretion of AHL molecules by the bacterial cells and the 
diffusion of such molecules until collision with C. albicans  
or the simulation boundaries occurs. The characteristics of 
both cell types and the molecules are described in Tables 
1 and 2.

Spherical approximation is a typical, effective way to 
create a realistic and computer tractable representation 
of molecules (Feig and Sugita 2013). In particular, the 
excluded volume, which is approximated by the hydro-
dynamic or Van der Waals radius, is a good measurement 
of the actual space occupied by molecules (Kalwarczyk  
et al. 2012). This volume accounts for the purely structural 
dimensions of the molecules as well as the interactions 
with the solvent medium. Using this approach, the radius 
of each particle was calculated using Equation 1:

 

where Mw corresponds to the molecular weight of the 
molecule.

The diffusion coefficient for the AHL was calculated 
using the Stokes–Einstein equation for the diffusion of 
spherical particles in a liquid (see Equation 2):

 

(1)r = 0.0515 ×M0.392

w (nm)

(2)Dc =
kB × T

6 × � × � × r

Table 1. Basic agent properties and interaction rules in QS simulations.

*Number varied according to the purposes of each simulation scenario, as detailed in the text.; Agent characterisation includes geometrical shape, number of 
agents at the beginning of simulation, and interaction rules.

Agent Geometrical shape Initial number Interaction rules
C. albicans Sphere 1–2* Perceives AHL signals and, if reaching threshold, blocks hyphal transition
P. aeruginosa Spherocylinder 1–5* Secretes AHL molecules
AHL Sphere 0–25,000* ‘Detects’ C. albicans as a signal receptor
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molecules that reached the C. albicans cell as well as the 
time that the individual molecules took to reach the cell.

The third group of simulations addressed the influence 
of environment feeding, ie AHL molecules produced by 
bacterial cells outside the observed vicinity. The aim was 
to evaluate the effect of cell localisation and molecular 
diffusion in morphological switching, under the assump-
tion that both cell vicinity and the overall distribution of 
the cell population play a part in reaching the switching 
threshold. The volume of the simulation environment was 
1,939 μm3. P. aeruginosa secreted 5,000 AHL molecules, 
maintaining previous simulation conditions, and the 
environment released 600 AHL molecules, with a ran-
dom direction, at every 10,000 time steps. The number 
of AHL molecules released by the environment was kept 
low, notably they were not all released at the beginning of 
the simulation, in order to keep to the above-mentioned 
concentrations of 1–10 nM.

Finally, the diffusion of AHLs within a multicellular 
environment was simulated. The volume of the simulation 
environment was 13,518 μm3, including two C. albicans 
cells and five P. aeruginosa cells. Cells were randomly dis-
tributed and the P. aeruginosa cells were kept parallel to the 
y-axis. Depending on the spatial location, C. albicans cells 
were variably exposed to AHL molecules. The threshold 
for C. albicans morphological transition was set to 2,000 
AHL molecules colliding with the cell. As there were no 

experimental values regarding the number of molecules 
that inhibit hyphal development (only concentrations 
were known), this threshold was selected as a surrogate 
value that differentiates the behaviour of two C. albicans 
cells when exposed to the same, experimentally validated 
concentration of AHLs.

The multi-agent simulator of neighbourhoods 
(MASON) framework supported the simulation of the 
proposed diffusional model (Luke et al. 2005). Specifically, 
such implementation entailed the definition of common 
biophysics and biochemical laws and assumptions, namely 
molecular diffusion (Mereghetti et al. 2011) and collision 
resolution (Figure 1A), as a basic means to guarantee that 
agent movement complied with the Brownian motion of 
the molecules (Figure 1B).

The simulation of Brownian motion (ie random-walk 
motion) is known to follow a square root law involving 
the average displacement over time and the diffusion 
coefficient. For the sake of computational tractability, the 
simulation did not portray the reaction medium (eg water 
molecules or other molecules that might be part of the 
laboratorial experiment) as explicit agents. The random 
motion naturally emerged from collisions between the 
agents, granted that the velocity of the molecules was con-
sistent with molecular size and environmental constants, 
such as the temperature and viscosity of the simulated 
reaction medium.

Table 2. Biological information needed for QS simulations.

Notes: Experimental and calculated information includes molecular weight, geometrical metrics and, whenever applicable, diffusion rate. The shape and size of 
the microorganisms is an approximation, as it is well known that it depends on a wide range of environmental factors.

Agent Molecular weight (g mol−1) Radius (μm) Height (μm) Diffusion rate (μm2 s−1) References
C. albicans – 5 – – Klis et al. (2014)
P. aeruginosa – 0.5 3 – Karupiah and Chaudhri (2004)
AHL 227.3 4.32E-5 – 7.60E-9 Winson et al. (1995)

Figure 1. (A) Collision detection and resolution. V1A and V1B stand for the initial velocity vectors of molecules A and B whilst V2A and V2B 
represent the velocity vectors after collision. At the collision point, there is the deflection angle θ between the normal and the actual 
velocity vector of each agent; (B) example of Brownian motion in a crowded environment. Brownian movement of the green molecule 
emerges naturally by colliding with other molecules in the environment.
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are the radii of C. albicans and P. aeruginosa cells respec-
tively, h represents the height of the P. aeruginosa cell, and 
d is the distance between the two cells.

Simulation results confirmed that the percentage of 
AHL molecules reaching the C. albicans cell depended 
on the distance between the two cells, ie the closer the 
P. aeruginosa cell was to the C. albicans cell, the more 
AHL molecules reached the C. albicans cell. Differences 
between the results obtained in the ABM simulations and 
by the mathematical model were statistically significant 
(p < 0.05) when the distance between P. aeruginosa and 
C. albicans was 7.5 μm, but not when the distance was 
5 μm (p > 0.05). An illustrative video of these simulations 
is provided in Supplemental material 2.

The following simulations addressed cell orientation 
as a factor influencing the percentage of AHL molecules 
that reached the C. albicans cell (Figure 3). More spe-
cifically, simulations accounted for three-dimensional 
representations where C. albicans and P. aeruginosa cells 
were aligned along an imaginary y-axis (Figure 3A) and 
a varied distribution of P. aeruginosa cells (Figure 3B–D).

The scenario in Figure 3A was similar to the previ-
ous scenario (Figure 2) except for the orientation of the  
P. aeruginosa cell. By considering vertical cell alignment, a 
significantly higher percentage of molecules was expected 
to reach C. albicans, because the surface of the P. aerug-
inosa cell ‘facing’ a C. albicans cell was larger, and the 
P. aeruginosa cell released AHL molecules in a random 
perpendicular direction.

At this point, the complexity of the algebraic approach 
increased significantly (see details in Supplemental mate-
rial 3). The final equation (Equation 4) was:

Simulations were executed on a computer with an Intel 
(University of Vigo) CPU I7 860 @ 2.80 GHz and 8 GB 
of RAM DDR3 @ 1,333  MHz CL9 running Windows 
(University of Vigo, Ourense) 10 64 bits.

Mathematical model of diffusion in a multicellular 
environment and statistical analysis

The proposed ABM was validated against an algebraic 
approach for the simplest simulation scenarios, where one 
P. aeruginosa cell was facing a C. albicans cell. Similar to 
the computational model, the mathematical model con-
sidered a realistic representation of the cells in terms of 
size and shape, as well as the perpendicular movement 
of AHLs in relation to the surface of the P. aeruginosa 
cells. Since no individual molecules were considered in 
the mathematical model, the correlation between both 
models was achieved by calculating the surface area of  
P. aeruginosa that, when a plane was projected perpendic-
ularly to the surface of the cell, was still able to intersect 
the C. albicans cell (see Supplemental materials 1 and 2).

The results of the mathematical model were compared 
against the average of six replicates obtained for each com-
putational simulation. The one-sample Wilcoxon test, a 
non-parametric alternative test to the one-sample t-test, 
supported this analysis. The goal was to compare a meas-
ure of central tendency of the population under obser-
vation (here, the median) with a given theoretical value. 
This test was considered adequate because the size of the 
sample was small and it does not require the population 
to be normally distributed. The significance level was set 
to 5% (p < 0.05).

Results

The initial results obtained from the ABM simulations 
highlighted the importance of cell distance over AHL col-
lision with C. albicans (Figure 2). Such importance was 
also quantified mathematically. Supplemental material 1 
details the algebraic determination of the equation that 
correlated the percentage of AHL molecules expected 
to reach the C. albicans cell when the P. aeruginosa cell 
was horizontally aligned with the C. albicans cell (in 
an imaginary x-axis). The final equation was as follows 
(Equation 3):
 

where Asup/Atotal represents the ratio of area in the P. 
aeruginosa cell, which contributed to AHL molecules that 
will theoretically collide with the C. albicans cell, r1 and r2 
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Figure 2. Results for cell distance simulations. The dark green bar 
shows the theoretical result obtained by the mathematical model. 
The light green bar shows simulation results, including the SD of 
the six simulation replicates. The percentage of AHL molecules 
obtained in silico is calculated by counting the number of 
molecules that reached a C. albicans cell and dividing by the total 
number of AHL molecules in the simulation. A small schematic of 
the simulated scenario is presented in the top right corner.
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Figure 3. Results for cell orientation and localisation experiments. The dark green bar shows the theoretical results obtained by the 
mathematical model. The light green bar shows simulation results, including the SD of the six simulation replicates. The percentage of 
AHL molecules obtained in silico is calculated by counting the number of molecules that reached a C. albicans cell and dividing by the 
total number of AHL molecules in the simulation. (A) P. aeruginosa positioned vertically to C. albicans and both cells are aligned in the 
x-axis; (B) P. aeruginosa cells are positioned horizontal to C. albicans and all the cells are aligned in the x-axis; (C) P. aeruginosa cells are 
positioned vertical to C. albicans and all the cells are aligned in the x-axis; (D) P. aeruginosa cells are positioned vertical and horizontal 
by pairs to C. albicans cells, and cells are aligned in the x- and y-axes. A small schematic of the simulated scenario is presented in the top 
right corner.

where Asup/Atotal is the ratio of area in the P. aeruginosa 
cell, which contributed to the AHL molecules that will 
theoretically collide with the C. albicans cell, r1 and r2 
are the radii of C. albicans and P. aeruginosa respectively, 
h represents the height of the P. aeruginosa cell, r3 is the 
radius of the circumference in C. albicans for a height h/2, 
and d is the distance between C. albicans and P. aerugi-
nosa. In this case, the differences observed between ABM 
simulations and the mathematical model were statistically 
significant for both distances (p < 0.05).

The simulation of the scenario in Figure 3B was 
expected to provide results similar to those obtained for 
the horizontal cell alignment, ie while localisation was 
similar, the number of P. aeruginosa cells was two times 
greater than the one considered in the previous scenario. 
Therefore, the percentage of AHL molecules, ie the num-
ber of molecules that reached the C. albicans cell over 
the total number of AHL molecules in the simulation, 
was nearly the same. No statistically significant differ-
ences were observed between ABM simulations and the 
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The proposed ABM is able to address such complex-
ity by simply describing the environment, the agents 
(including varying localisation) and the rules of behav-
iour. When observing cell vicinity (Figure 5A), deviations 
caused by molecular collisions (ie changes in trajectory) 
were expected to occur. Likewise, when looking into the 
effect of the whole cell population (Figure 5B), the random 
distribution of the cells was expected to be the major cause 
of difference between theoretical and simulation results.

Finally, the most complex scenario accounted for a 
multicellular environment containing several C. albicans 
and P. aeruginosa cells encased in a 3-D matrix, ie a bio-
film. Biofilms are a mix of seemingly unarranged cells 
in a matrix of extracellular polymeric substances, with 
micro channels that carry nutrients and other compounds. 
Therefore, the rationale for simulating this scenario was 
that, depending on the spatial location, C. albicans would 
be variably exposed to AHL molecules and this could 
help explain why the phenotypic switching of individual  
C. albicans cells in a biofilm typically occurs at different 
time points.

The proposed model enabled the representation of the 
spatial arrangements with more than one C. albicans cell 
and the prediction of morphological transition in individ-
ual C. albicans cells. Specifically, simulations assumed that 
all P. aeruginosa cells released the same amount of AHL 
molecules (ie 5,000 molecules per cell), and the threshold 
for morphological transition (ie the amount of AHL mol-
ecules needed to inhibit hyphal transition) would be the 
same for all C. albicans cells. As shown in Figure 6, only 
Candida A was expected to undergo morphological tran-
sition, since the number of AHL molecules that collided 
with Candida B did not reach the hypothesised threshold 
of 2,000 molecules in 200 μs.

Discussion

The first generation of biofilm models were continuum 
models with a focus on population and resource dynamics 
that described biofilms as a one-dimensional homogene-
ous layer (Moustaid et al. 2013; Langebrake et al. 2014). 
More recently, the spatial heterogeneous structure of bio-
films was addressed in multi-dimensional models. Various 
mathematical modelling techniques have been applied, 
namely stochastic individual-based models (Müller et 
al. 2006; Hong et al. 2007), stochastic cellular autom-
ata models (Pizarro et al. 2004; Chambless and Stewart 
2007; Machineni et al. 2017), deterministic differential 
equation models (Frederick et al. 2011; Schroeder et al. 
2015; Rahman et al. 2015) and hybrid models (Weber 
and Buceta 2013). While using different approaches, all 
these models share complexity as their major limitation 
(Emerenini et al. 2015).

mathematical model (p > 0.05). The same behaviour was 
assumed for the scenarios in Figure 3A and C, regarding 
vertical cell alignment and, this time, statistically signif-
icant results were obtained for both distances (p < 0.05).

The simulation of the scenario in Figure 3D, which 
considered P. aeruginosa cells surrounding a C. albicans 
cell, accounted for different surfaces of a P. aeruginosa cell 
‘facing’ a C. albicans cell. Since this scenario was a merge 
of the scenarios illustrated in Figure 3B and C, it was 
expected to output results in accordance with the ‘average’ 
of the results of these previous scenarios. Specifically, the 
differences observed between ABM simulations and the 
mathematical model were statistically significant when 
P. aeruginosa was at a 7.5 μm distance from C. albicans, 
but not when the distance was 5 μm (p > 0.05). The largest 
differences observed between computational and algebraic 
results were <4%. Supplemental material 4 shows the sta-
tistical analysis of the results.

Unlike the algebraic approach, ABM simulations were 
also able to report the time taken by individual AHL mol-
ecules to reach the C. albicans cell. For instance, when 
both cells were separated by 7.5 μm, most AHL molecules 
reached C. albicans within 72–80 μs, but a fraction of the 
molecules took longer, typically those molecules released 
from the more distant sections of the P. aeruginosa cell 
(Figure 4). Considering the scenarios from A to E, the 
mean average time obtained was 79 μs, the shortest time 
was 72 μs (ie the time taken by the molecules closer to 
C. albicans) and the longest time was 104 μs (ie the time 
taken by the molecules at the longest distance).

Figure 4F illustrates the results obtained during the 
simulation of a higher number of bacterial cells, clustered 
together in groups of three. Here, the concentration of 
AHL molecules in certain areas of the environment was 
significantly greater, which typically led to the occurrence 
of more collisions among the molecules. As a result, the 
number of AHLs reaching C. albicans was less predictable. 
The number of AHLs colliding with C. albicans reached 
its highest at 72 μs, but a peak was observed again after 
116 μs. The mean average time taken by AHLs to reach 
C. albicans was 91 μs, the shortest time was 72 μs and the 
longest time was 236 μs.

Environment feeding simulations were used to further 
describe the production of AHL molecules by other cells 
in the multicellular environment (Figure 5), ie the effect 
of cell vicinity (Figure 5A) and the overall distribution 
of the cell population (Figure 5B) in the time taken by 
C. albicans to reach the QS threshold. As stated earlier, 
while a pure mathematical approach is possible for the 
simplest scenarios, the complexity of the calculations 
increases considerably for scenarios of this complexity, 
because molecules collide among themselves and higher 
deviations will naturally occur.
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et al. 2009; Matur et al. 2015). Further models treated 
extracellular molecular concentration as a parameter, 
and studied the response of a single cell. For example, 
some works studied cell robustness to various sources of 
noise and the existence of bistability at the single-cell level 
(Fagerlind et al. 2003; Anguige et al. 2006; Müller and 
Uecker 2013). However, single cell models are still not 

Several modelling alternatives introduced simplifying 
assumptions in an attempt to minimise model complex-
ity. For instance, some QS models assumed discrete QS 
states or simplified the relationship between intracellu-
lar and extracellular signal concentrations, while others 
assumed the existence of concentration thresholds for QS 
behaviour (Chopp et al. 2002; Müller et al. 2006; Netotea 

Figure 4. Histograms of the average time taken by AHL molecules to move from P. aeruginosa to C. albicans cells in cell localisation 
simulations. All histograms denote a positive skew. The distance between the cells is 7.5 μm. (A) P. aeruginosa is positioned horizontal 
to C. albicans and both cells are aligned in the x-axis; (B) P. aeruginosa cells are positioned horizontal to C. albicans and all the cells are 
aligned in the x-axis; (C) P. aeruginosa is positioned vertical to C. albicans and both cells are aligned in the y-axis; (D) P. aeruginosa cells are 
positioned vertical to C. albicans and all the cells are aligned in the y-axis; (E) P. aeruginosa cells are positioned vertical and horizontal by 
pairs to C. albicans and the cells are aligned in the x- and y-axes; (F) P. aeruginosa cells are positioned in groups of three surrounding C. 
albicans. A small schematic of the simulated scenario is presented in the top right corner.
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more realistic biological scenarios (Fozard et al. 2012; 
Emerenini et al. 2015). Notably, ABM enables the simu-
lation of multiple scenarios of cell spatial distribution, and 
thus the observation of the impact that cell location has 
in molecular diffusion and, consequently, in QS commu-
nication. Moreover, these models are also able to describe 
the trajectory of individual molecules, and hence obtain 
spatial and temporal information at the single-molecule 
level. These data can be more easily validated by direct 
comparison with single particle tracking experiments, 
as well as provide detailed information on the behaviour 
of more complex scenarios involving multiple cells in a 
seemingly random distribution.

In the present study of AHL diffusion in a mixed- 
species multicellular environment, a pure mathematical 
approach could be applied to the simplest scenarios, but, 
as expected, the complexity of the calculations hindered 
its use in more elaborate scenarios. Mathematical com-
plexity escalated when the number of cells and molecules 
increased, because more diffusion and collision phenom-
ena had to be considered. However, the proposed ABM 
was able to address such complex situations by simply 
describing the environment, the agents (including varying 
localisation) and the rules of behaviour. Specifically, the 
ABM enabled the comparison of different cell populations 
(in terms of both cell number and distribution) as well as 
track AHL molecules from the moment they were secreted 
by P. aeruginosa until the moment they reached C. albicans.

The computational and mathematical models provided 
similar results, differing by no more than 4% in the whole 
spectrum of scenarios studied. Molecular collisions (and 
implicitly changes in trajectory), the physical dimensions 
of the AHL molecules, and the initial random distribution 
of AHL molecules, are three of the possible causes for the 
observed differences.

capable of fully depicting QS functions at the population 
level (Brown 2013). Therefore, efforts have been made to 
model molecular and population processes collectively, 
ie treat cells as discrete entities and track the molecular 
dynamics separately within each cell (Garcia-Ojalvo et al. 
2004; Goryachev et al. 2005; Melke et al. 2010; Uecker et 
al. 2014). Although providing the most detailed and real-
istic representation, the mathematical and computational 
complexity of these models prevents full exploration of the 
process dynamics (Pérez-Velázquez et al. 2016).

The present work shows, for the first time, the potential 
of ABM to understand biofilm dynamics at the single-cell 
and single-molecule levels. One of the main advantages 
of the ABM approach when compared with algebraic 
models and other existing models is a reduction in model 
complexity, which enables the practical simulation of 

Figure 5. Results for environment feeding simulations. (A) Percentage of AHL molecules that reach Candida from Pseudomonas cells; 
(B) percentage of AHL molecules that reach Candida from the environment. The dark green bar shows the theoretical results obtained 
by the mathematical model. The light green bar shows simulation results, including the SD of the six simulation replicates. The distance 
between the cells is 5 μm. A small schematic of the simulated scenario is presented in the top right corner.

Figure 6. Results for biofilm simulations. The light and dark green 
lines show simulation results for two C. albicans cells exposed to 
AHL molecules at different rates. The grey dashed line represents 
the imaginary threshold for morphological conversion. A small 
schematic of the simulated scenario is presented at the bottom 
right corner.
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