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Abstract

Microbial communities are found in all habitable environments and often occur in assemblages with
self-organized spatial structures developing over time. This complexity can only be understood,
predicted, and managed by combining experiments with mathematical modeling. Individual-based
models are particularly suited if individual heterogeneity, local interactions, and adaptive behavior are
of interest. Here we present the completely overhauled software platform, the individual-based
Dynamics of Microbial Communities Simulator, iDynoMIiCS 2.0, which enables researchers to specify a
range of different models without having to program. Key new features and improvements are: (1)
Substantially enhanced ease of use (graphical user interface, editor for model specification, unit
conversions, data analysis and visualization and more). (2) Increased performance and scalability
enabling simulations of up to 10 million agents in 3D biofilms. (3) Kinetics can be specified with any
arithmetic function. (4) Agent properties can be assembled from orthogonal modules for pick and mix
flexibility. (5) Force-based mechanical interaction framework enabling attractive forces and non-
spherical agent morphologies as an alternative to the shoving algorithm. The new iDynoMIiCS 2.0 has
undergone intensive testing, from unit tests to a suite of increasingly complex numerical tests and the
standard Benchmark 3 based on nitrifying biofilms. A second test case was based on the “biofilms
promote altruism” study previously implemented in BacSim because competition outcomes are highly
sensitive to the developing spatial structures due to positive feedback between cooperative
individuals. We extended this case study by adding morphology to find that (i) filamentous bacteria
outcompete spherical bacteria regardless of growth strategy and (ii) non-cooperating filaments
outcompete cooperating filaments because filaments can escape the stronger competition between
themselves. In conclusion, the new substantially improved iDynoMiCS 2.0 joins a growing number of
platforms for individual-based modeling of microbial communities with specific advantages and
disadvantages that we discuss, giving users a wider choice.

Author summary

Microbes are fascinating in their own right and play a tremendously important role in ecosystems.
They often form complex, self-organized communities with spatial heterogeneity that is changing over
time. Such complexity is challenging to understand and manage without the help of mathematical
models. Individual-based models are one type of mathematical model that is particularly suited if
differences between individual microbes, local interactions and adaptive behavior are important. We
have developed a completely overhauled version of iDynoMiCS, a software that allows users to
develop, run and analyze a wide range of individual-based models without having to program the
software themselves. There are several capability enhancements and numerous small improvements,
for example the ability to model different shapes of cells combined with physically realistic mechanical
interactions between neighboring cells. We showcase this by simulating the competition between
filaments, long chains of cells, with single cells and find that filaments outcompete single cells as they
can spread quickly to new territory with higher levels of resources. Users now have a wider choice of
platforms so we provide guidance on which platform might be most suitable for a given purpose.
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61 Introduction

62 Microbes are found everywhere on Earth where conditions are suitable for life, often as microbial
63  communities in self-organized assemblages such as biofilms [1]. They have a long evolutionary history
64  through which they diversified into a huge number of species with fascinating characteristics and
65 behaviors. Microbes master metabolism and thus enable biogeochemical cycles. Yet the complexity
66 arising from the high diversity of their communities undergoing spatio-temporal dynamics makes it
67  challenging to understand, predict and manage these communities [2]. This challenge can be best met
68 by an integration of in situ observations, experiments in mesocosms and laboratory models and
69 mathematical modeling [2].

70  Microbes growing in biofilms are a good example. Due to metabolic transformations of resources
71 diffusing into the self-assembling biofilms, the aggregates become spatially structured including
72 metabolite and resulting physiological gradients while growth leads to clonal populations. These
73  changing environmental conditions prompt differences in gene expression, phenotype and behavior
74  compared to planktonic cells [3]. For example, biofilm-dwelling Pseudomonas aeruginosa up-regulate
75 production of extracellular polysaccharides (EPS), while Staphylococcus aureus biofilms up-regulate
76 enzymes involved in glycolysis and fermentation [4]. Even in single species populations, phenotypic
77 heterogeneity can become substantial [5,6]. Coupled to the local environmental changes, biofilm
78 microbes experience selective pressures different to planktonic microbes. These are just a few points,
79 but they already demonstrate the challenge of complexity in biofilm communities.

80  Biofilms are also a good example of insights derived from mathematical modeling, going back to the
81 1970s [7]. Early models treated the biofilm as a continuum in one dimension (1D), which enabled
82  insights into substrate consumption driving the formation of gradients and diffusional fluxes and
83  vertical stratification [8-10]. A key insight from later 2D and 3D models enabling the emergence of
84  complex spatial structures was that the physics of mass transfer is sufficient to understand the
85  formation of finger-like biofilm structures, arising from a positive feedback in growth where the cells
86 at the surface of the biofilm with best access to substrate grow best so that their offspring are even
87  closer to the substrate source and grow even better [11-13]. The detailed reconstruction of early
88 biofilm growth observed through advanced microscopy coupled with detailed individual-based
89 modeling of mechanical cell-cell interactions demonstrated that mechanics alone is sufficient to
90 understand and predict early biofilm formation in Vibrio cholerae (before substrate gradients cause
91  growth limitations [14]).

92 In such individual-based models (IbMs), microbial cells are modeled as agents, partially autonomous
93 physical entities with individual properties and behavior [15]. This enables understanding of how these
94  individuals affect other individuals in the community and the environment and are affected by the
95 other individuals and the environment in turn. Properties of the community such as spatial patterns,
96 fitness, productivity and resilience emerge from the behavior of the individuals in that community.
97 IbMs are thus particularly suited to capture the effects of local interactions, individuality and
98 adaptative behavior on spatio-temporal dynamics. This includes stochastic events such as dispersal
99 and community assembly, up-regulation of genes, mutations or horizontal gene transfer. For example,
100  Hellweger [16] used an IbM to model the gene expression and differentiation of Anabaena spp.
101 individuals within a filament, and were able to reproduce almost all of the patterns observed in vitro.

102  To facilitate the use of individual-based modeling of microbial communities for scientists with little
103 experience of programming, the open source modeling platform iDynoMIiCS (individual-based
104  Dynamics of Microbial Communities Simulator) was introduced [17], which we now refer to as
105  iDynoMICS 1. It was the result of a collaborative effort merging features of previous models into a
106 common basis for further development. iDynoMiCS has been facilitating a range of studies and
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107  influenced the design of other modeling platforms [18—23]. Here we present, after a long phase of
108 development and testing, a completely overhauled new version, simply called iDynoMiCS 2.0. We
109 came closer to the original aim of making iDynoMiCS easy to use for non-programmers while
110  substantially enhancing its capabilities and computational efficiency. Key new features and
111  improvements are: (1) Enhanced ease of use right from the start, from using a simple guided java
112  installer, lack of dependence on other software installations, a graphical user interface (GUI) for
113 running simulations, editing model specification (protocol) files, unit conversions, data analysis and
114  visualization of live results or re-loaded past results, a collection of model examples and online wiki for
115  guidance, autonomous adjustments for solver convergence. (2) Increased performance and scalability
116  enabling simulations of up to 10 million agents in 3D biofilms. (3) Kinetics of chemical or agent-
117  catalyzed reactions can now be specified with any user-chosen arithmetic function. Local or
118 intracellular conditions can be incorporated in these expressions enabling adaptive behavior such as
119 metabolic switching or change in kinetics due to mutations. (4) Agent properties can now be assembled
120  from orthogonal modules giving the user pick and mix flexibility. The same is true for processes. Thus,
121  the complexity of agents or processes can be adjusted to fit the modeling purpose. Due to the modular
122 structure, it has become easier to implement novel functionality. (5) Force-based mechanical
123 interaction framework enabling attractive forces and non-spherical agent morphologies, which was
124  impossible with the shoving algorithm. We showcase this new feature in a case study demonstrating
125 how the fitness of filaments benefits from escaping competition.
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126 Model development and description

127  The description of iDynoMiCS 2.0 and the case studies presented in this paper follow the ODD
128 (Overview, Design concepts, Details) protocol for describing individual- and agent-based models
129 [24,25]. However, iDynoMIiCS 2.0 is not one specific model but a platform to facilitate the specification
130  of a broad variety of models. Hence, this section aims to provide a general description of the platform
131 but cannot cover all possible models that could be simulated. Thus, we also provide detailed model-
132  specific ODD descriptions together with the presented case studies.

133  Overview

134  The purpose of iDynoMIiCS 2.0 is to facilitate the simulation of large groups of individual microbes and
135  their interactions in a microbial population or community, either in a well-mixed chemostat-like or a
136  spatially structured biofilm-like compartment. The aim is to study and predict how the interactions and
137 properties of individual microbes lead to emergent properties and behaviors of microbial
138 communities.

139  Entities, state variables and scales

140  Entities, state variables and scales may vary from one model implementation to another. In a typical
141  implementation, microbial cells are the principal agents. They can mediate both chemical and physical
142 activities. Agents can have any number of properties and behaviors. Typical properties are position,
143 mass, density, shape, composition and metabolic reactions. Typical behaviors are cell growth, division,
144  death, extracellular polymeric substance (EPS) production and excretion. iDynoMIiCS 2.0 refers to
145 properties and behaviors of an agent as the “aspects” of an agent. Shared aspects can be set-up as a
146 module and reused for all agents sharing these aspects. A typical agent is one or multiple orders of
147 magnitudes smaller than the computational domain.

148  The simulated space (computational domain) in which agents reside is called a compartment. There
149 are two types: spatially explicit compartments in 2D or 3D to simulate microbial assemblages such as
150  biofilms and well-mixed compartments used to simulate the dynamics of a bulk liquid without agents
151 or a planktonic community with or without inflows and outflows (batch, fed-batch or chemostat);
152  these compartments are assumed to have no spatial structure and thus the concentrations of chemical
153 species and agents are homogeneous.

154  Well-mixed and spatially explicit compartments may be connected to simulate how bulk and biofilm
155  dynamics are coupled. Compartments can have multiple properties including: boundaries, physical
156 dimensions, volume and a scaling factor. This scaling factor is used to translate between the size of a
157  simulated representative volume element and the actual size of the system, it allows a smaller
158 simulated compartment to represent a larger entity. There are no hard restrictions on compartment
159 size, however, compartments typically have lengths up to a millimeter. Agents can only reside in a
160  single compartment at any one time, but they can be transferred or move between spatially explicit
161 and well-mixed compartments.

162 Dissolved chemical species in iDynoMIiCS 2.0 are referred to as solutes. Compartments can contain any
163 number of solutes. In well-mixed compartments, a solute is represented as a single concentration. In
164  spatially explicit compartments, solutes are represented as 2D or 3D concentration fields in a Cartesian
165  grid. The distance between grid nodes is referred to as the resolution, typically one to a few
166 micrometers.
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167 Framework structure

168 In iDynoMIiCS 2.0, models are structured, specified and instantiated hierarchically. The basic structure
169  of a typical scenario is presented in Fig 1. The “Simulator” is the root of any model implementation. It
170 loads the model specification from a protocol file provided by the user either through the GUI or the
171  command terminal. General software control parameters are managed at the simulator level, as well
172 as the scheduling of sub-models, the management of compartments and the storage of species
173 modules (reusable sets of aspects). The simulator steps through its compartments and saves the model
174  state at each global time-step. A compartment stores its shape and size, solutes and agents in the
175 compartment and processes occurring within the compartment. Agents and processes store their
176 properties as aspects. This layered structure of model input provides a level of modularity to the
177  iDynoMIiCS 2.0 software and model implementations.

178 Modularity enables flexible combination and facilitates software maintenance and development. An
179  iDynoMiCS 2.0 model is formulated as distinct modules describing specific parts of the model such as
180 a compartment, process or an agent. An example model description is included in Box 2. These
181 modules can be referenced to add the same object, property or process in another compartment or
182 agent. For example, multiple agents of different species can implement the same module describing
183 cell shape but implement a different module describing metabolism.

184  Within the software, modularity is implemented through the use of software interfaces and
185  abstractions. These software interfaces ensure common functionality such that loading or storing of
186  data, scheduling and initiation are handled in the same way for any software class implementing these
187 interfaces. This concept makes it easier to add new features and extensions to iDynoMiCS 2.0, since
188 an extension can be integrated into the framework without additional work to handle initiation, data
189 handling, scheduling and other auxiliary functionality (Box S1).

190  Support for arithmetic and basic logic expressions provides flexibility to iDynoMiCS 2.0 models. Users
191 can simulate any type of kinetic or physical interaction model that can be described by a standard
192  arithmetic expression. Logic expressions are particularly useful in models with biological switches or
193  thresholds. Typical examples are metabolic or morphological switches. Since any kind and number of
194  aspects can be changed, the characteristics of an agent can completely change at runtime. Logic
195  expressions can also be used to filter agents matching specific criteria, which can be useful for further
196 analysis, or to color agents based on their properties. Logic expressions may incorporate arithmetic
197 expressions.
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200  Fig 1. The basic structure of an iDynoMiCS 2.0 model. Interaction with the program takes place
201  through the GUI or command line terminal. A protocol file specifying a model can be loaded to initialize
202  thesimulator. If parameters are missing from the protocol file, a default if loaded or the user is queried
203 if no default exists. Scheduling ensures predictable handling of the compartments and the order of
204  processes occurring within them. A species library is kept such that properties and/or behavior that
205  are identical for agents of the same species can be looked up from the library. The simulator further
206  ensures that the model state is saved at the end of each global time step. Spatially explicit and well-
207 mixed compartments can be connected. Solutes concentration fields are stored as matrices, which
208 include local solute concentrations, local diffusivity and reaction rates. The collective of agents
209 represents the biofilm, agents may have many properties depending on user specifications, basic
210  properties are species, mass and position of the agent. Processes act upon the information in the
211 model system and describe the processes occurring in the model such as mechanical interactions or
212  diffusion, or generate output from the active model state.

213 Process overview and scheduling

214  Many processes can take place in a microbial community, often simultaneously. To capture these
215  processes in a computer model, they are represented by simplified mathematical models, discretized
216  and handled in an asynchronous fashion. An iDynoMIiCS 2.0 simulation steps through a number of
217  global time-steps. Within each global time-step and for each compartment, sub-models describing
218  activities occurring in the microbial community are executed. Processes included in a model depend
219  on the purpose and design of the model. However, most simulations include: physical interactions,
220  (bio-)chemical reactions, diffusion of chemical species, microbial growth and cell division. A detailed
221  overview of implemented submodels follows later.
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222 During one global time step, a list of processes, defined and scheduled by the user, are executed. Each
223 process is assigned a time step size and a priority by the user, if not, the global time step and order of
224  occurrence in the protocol file are adopted as time step and priority. A process can be repeated during
225 a single global time step and may have smaller internal time steps. Processes are handled in a specific
226  order; the process time step is used to determine what process is due first. If multiple processes are
227 due simultaneously, the process priority is used to determine the order. Box 1 shows a scheduling
228 example as implemented in the biofilms promote altruism case study presented later.

229 Box 1. Process schedule for the biofilms promote altruism case study within a single global time
230 step.

1) (Bio-)chemical reactions and diffusion
a. Update solute grids and agent masses (e.g. (bio-)chemical conversion)
b. Update solute boundaries
2) Agent updates
a. Cell division
b. Differentiate (switch between sphere or rod shaped if applicable)
c. Update cell size
3) Mechanical relaxation
a. Update cell positions and mechanical stresses until relaxation criteria are met
4) Compartment reporting
a. Density grid (csv)
b. Compartment summary (csv)
c. Graphical output (pov/svg)
5) Save simulation state (xml/exi)

231

232 Design concepts
233 Basic principles: Microbes are modeled as individual particles that interact with their environment.
234 Mass is conserved and thus the mass balance of any ‘element’ in the model system should be closed.

235 in + production — out — consumption =0 (1)

236 Emergence: System-level phenomena such as the distribution of microbial agents, the spatial structure
237 of a biofilm, and chemical conditions all emerge from interactions between agents and their local
238 environment. This local environment can consist of other agents, local chemical concentrations or a
239 local surface.

240  Adaptation: iDynoMiCS 2.0 models can include adaptation. By sensing the local environment or
241 internal states, an agent may change its characteristic using the differentiate aspect. Adaptation can
242  also be stochastic, where heritable stochastic changes in an agent’s characteristics can lead to selection
243 of the lineage best suited to survive or thrive in the simulated environment.

244  Objectives: Agents can have objectives. For example, agents may have the objective to move to a
245 region with higher substrate availability (chemotaxis).

246  Learning and prediction: Although microbes have no brain, they can have memory and process signals.
247 For example, chemotaxis requires memory. Also, event occurrences may be stored as an aspect of the
248  agent and influence the behavior or characteristics of an agent.
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249  Sensing: Locally sensed nutrient concentrations can affect growth rate or adaptation. Neighboring cells
250  may affect the spatial direction of cell division in filamentous agents or affect physical displacement. A
251  combination of the above supports microbial behaviors such as dormancy or chemotaxis.

252  Interaction: Agents interact with their local environment by consuming and producing solutes,
253 including extracellular enzymes, or particles such as EPS. As a consequence, they indirectly interact
254  with neighboring agents, leading to competition, cooperation or communication. The agents further
255  interact with their physical environment by pushing or pulling other physical entities, including other
256 agents as well as physical surfaces in the computational domain.

257  Stochasticity: Model implementations can include stochastic processes, examples are allocation of
258 biomass to daughter cells upon cell division, placement of daughter cells relative to the position of the
259 mother cell, stochastic movement (for example Levi flight), and mutations or other random
260 perturbations. A random seed is saved so simulations can be continued with consecutive random
261 numbers or repeated with an identical series of random numbers if desired.

262 Collectives: Microbes may aggregate actively through motility coupled with communication and the
263 expression of surface proteins or passively through cell division and the production of an extracellular
264  matrix [26]. Consequently, agents can form a local collective of unrelated or related cells. Moreover,
265 communication can coordinate collective action that does not require aggregation. iDynoMIiCS 2.0 has
266  the basic building blocks to model coordinated collective behavior such as quorum sensing.

267 Observation: The model state is saved at the end of each global time-step. Additional compartment
268  output can be saved, including physical and biological states of all agents and the chemical state, at
269 any given time and location in the simulation.

270 Initialization

271  The initial state of a simulation is highly flexible and should be provided by the user. This includes
272 solute concentrations as well as positions and states of agents, which may be based on experimental
273  data or generated to investigate hypothetical scenarios. iDynoMIiCS 2.0 includes several helper classes
274  to generate initial states. A ‘random spawner’ can be used to randomly distribute large numbers of
275  agents of a certain type over a pre-defined region, applied in the initialization of the stress test and
276 Benchmark 3 case study. A ‘distributed spawner’ has a similar function but distributes agents regularly
277  at a pre-defined interval, applied in the initialization of the biofilms promote altruism case study. It is
278  also possible to manually define an initial state for any individual or to utilize a previous simulation
279 outcome as an initial state for a new simulation, for example to implement a perturbation.

280 Input

281  All simulations are initiated using iDynoMIiCS 2.0 protocol files. They follow the logical structure of the
282 model setup and are structured using the Extensible Markup Language (XML). Both XML and EXI
283 (Efficient XML Interchange) files can be used. It is recommended to include units when specifying
284 parameters in the protocol file, units are converted to iDynoMiCS’s base unit system, which avoids unit
285 conversion mistakes.
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286 Box 2. An abbreviated protocol file showing the hierarchical structure. Setting up a basic protocol is
287 relatively simple and supported by the GUI. In this example, 30 copies of an agent of species
288  “bacterium” are added to a rectangular domain. Bacterium is defined by the reusable “coccoid” aspect
289 highlighted in green as well as a growth reaction which is only used for this species. The coccoid module
290  describes basic physical properties and behavior of a generalized coccoid including agent density,
291  division mass, etc. Bacterium contains the “reactions” aspect which is a list of all reactions the agent
292  can catalyze (in this case only the crucial growth reaction). The reaction node includes an arithmetic
293  expression defining the growth kinetics based on the local solute concentrations of two solutes (carbon
294  and oxygen) and associated kinetic constants and stoichiometry. The protocol further describes the
295 properties of the compartment, the solutes and processes to be loaded. The full protocol file is just 60
296 lines and included in S1.7.

<simulation name="simple_biofilm" outputfolder="../results" log="NORMAL">
<timer stepSize="3 [h]" endOfSimulation="10 [d]" />
<speciesLib>
<species name="bacterium">
<speciesModule name="coccoid" />
<aspect name="reactions" class="InstantiablelList">
<list nodelLabel="reaction" entryClass="RegularReaction">
<reaction name="growth">
<expression value="mass * mumax * (carbon / (carbon+Ks)) * ((oxygen / (oxygen+Kox))">
<constant name="Ks" value="2.4 [g/m+3]" /> // additional constants
<stoichiometric component="oxygen" coefficient="-18.0" /> // additional stoichiometry
<species name="coccoid">
<aspect name="density" class="Double" value="0.15" />
<aspect name="divisionMass" class="Double" value="0.2 [pg]" />
<aspect name="morphology" class="String" value="coccoid" /> // additional aspects
<compartment name="biofilm-compartment">
<shape class="Rectangle">
<dimension name="X" isCyclic="true" targetResolution="2.0" max="32.0"/>
<dimension name="Y" isCyclic="false" targetResolution="2.0" max="64.0">
<boundary extreme="1" class="FixedBoundary" layerThickness="32.0">
<solute name="oxygen" concentration="8.74 [mg/1]" /> // additional fixed boundary solutes

<solutes>
<solute name="oxygen" concentration="8.74 [mg/1l]" defaultDiffusivity="2000.0 [um+2/s]"/> //
<agents>
<spawn class="randomSpawner" domain="32.0, 1.0" number="30" morphology="COCCOID">
<templateAgent>

<aspect name="species" class="String" value="bacterium" />
<aspect name="mass" class="Double" value="0.2 [pg]" />
<processManagers>
<process name="agentRelax" class="AgentRelaxation" priority="0" />
<process name="PDEWrapper" class="PDEWrapper" priority="1" />

297

298  Output

299  The model state is saved as XML or EXI file to reduce file size after each global time step and follows
300 the same structure as a protocol file. The output also includes all information required to restart the
301 simulation. It is also possible to save additional output per compartment to facilitate later analysis or
302  visualization. Visual output includes SVG or POV formats to render the agents in a compartment. The
303 hue, saturation or brightness of the agent can be adjusted based on its properties to convey additional
304 information about the agent’s state. A CSV file listing agents with key properties of interest can also
305 be produced, this list can be filtered to only include agents matching specific criteria. Further, the
306 density of agents in the compartment can be reported for all agents or those matching specific filters
307 (such as belonging to a certain species). Finally, a summary with key statistics on the compartment can
308 be written such as mean solute concentrations, total agent counts and masses, agents matching
309 specific criteria, etc. The summary is useful to quickly plot time series data.
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310 User interface

311 Simulations can be loaded and started through the command line or a GUI (Fig S9), which may be used
312  to review, edit or create protocol files before running them. During the simulation, the GUI provides
313 key information on the simulation state (such as substrate concentrations, species abundance,
314  convergence of the reaction diffusion solver, etc.). The spatial domain can be rendered directly to
315 display agent distributions and concentration gradients. Lastly, the GUI can be used to extract key data
316  from iDynoMiCS 2.0 output files, convert between EXI and XML files and convert numbers between
317  different unit systems including Sl and iDynoMIiCS 2.0 base units.

318 Submodels

319 Here we describe key submodels currently implemented in the iDynoMiCS 2.0 platform. Specific model
320 implementations may utilize a subset of these submodels or alternative submodels that extend
321  capabilities further.

322 Physical representation of agents

323 Microbial cells in the model have position and extent in 3D continuous space, constructed from points
324  and swept-sphere volumes (Fig 2). Specifically, spherical cells dubbed “cocci” are constructed from a
325  single point with a spherical volume, rod-shaped cells dubbed “bacilli” are constructed from two points
326 connected by a line-segment and a swept-sphere volume along the line-segment, filaments are
327 represented as a chain of either one or both. Every point has a mass associated with it.

328 In order to simulate 2D models, a number of assumptions and adjustments have to be made. An
329  implicit third dimension (z) is required to retain consistency for physical units such as volume or
330 concentration, in iDynoMIiCS 2.0 this third dimension is 1 um thin. The 2D agent shapes are extruded
331 into this virtual dimension, thus their pseudo 3D shapes have a uniform cross-sectional area and a
332  thickness of 1 um. This translation from 3D to 2D comes with several side effects such as a lower
333  density of circle packing as compared to sphere packing [27]. To mitigate this effect, Clegg et al. [27]
334  proposed a density scaling factor of 0.82 for 2D simulations with spherical agents. Appropriate scaling
335  factors for other agent shapes or mixtures of agent shapes are unknown.

336  Another side effect of 2D simulations results from the constraint that the length of the virtual third
337 dimension has to be identical for all agents. This can result in unwanted agent size effects for agents
338 with very small or large radii. iDynoMiCS 2.0 can scale the density of agents in order to retain consistent
339  agent diameters and lengths between 3D and 2D simulations. This method is described in detail in
340 S$1.12. This method is not a perfect solution as it will introduce new side effects, the local shifts in
341 biomass concentrations will increase nutrient competition for large agents whilst decreasing for small
342  agents. If there are large differences in agent size, it is recommended to test validity of 2D simulations
343 with 3D simulations.

344  Additionally, biofilm structure and development can be affected in 2D simulations. Vertically stratified
345 biofilms with chemical gradients from substratum surface to the biofilm-liquid interface dominating,
346 or biofilms with gradients in the second dimension, parallel to the substratum surface, that are
347 equivalent in the third dimension which is also parallel, can be accurately modeled in 2D. However,
348 biofilms that form finger-like or other superstructures become artificially substrate limited due to the
349 lack of mass transport in the third dimension. Consequently, these superstructures will form under
350 different environmental conditions in 2D versus 3D.
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351 e

352  Fig 2. Different agent shapes in iDynoMIiCS 2.0. Dashed lines indicate sphere-swept volumes of ‘dots’
353 or line-segments. Dots are mass-points indicating position and orientation of agents. Solid lines
354 indicate mechanical interactions between points (forces between points modeled as springs): Collision
355 interaction (b-c), spine interaction responsible for the rigidity of rod-shaped agents (d1-2 and el-2),
356 connecting interactions (d2-el, e2-f, f-g). ais the angle between two elements of a filament. This angle
357 can be counteracted by a torsion spring applying forces on d1, d2 and el. L1 and L2 are the moment
358 arms. The torsion spring applies force until the angle a reaches 180°, aligning the three points.

359  Mechanical interaction framework

360 In the original iDynoMICS 1, agent overlap was resolved with a shoving algorithm. In iDynoMiCS 2.0,
361 mechanical interactions between agents (or with surfaces in their environment) as well as between
362  different points within the same agent is based on forces. This Force-based Mechanics (FbM)
363 framework builds on the mass-spring models of Janulevicius et al. [28], Celler et al. [29] and Storck et
364  al. [30] butis no longer limited to spring forces. The shoving algorithm is still available as an alternative
365 or for comparison with iDynoMiCS 1.

366 Before an interaction force can be calculated, the interaction needs to be detected. Direct links
367 between two points of the same agent are stored as an aspect of the agent. Additionally, neighboring
368  entities are found efficiently through a search of the quad- or octree that keeps agents spatially sorted.
369  Through collision detection, as described and implemented by [31] and [30], physical interaction
370 between neighboring agents is tested. The distance between two objects (which can be negative) is
371  usedin aforce model to calculate the resulting force of the interaction. The quad-, octree and collision
372 detection algorithms were modified to work with periodic boundaries.
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373 Forces

374  The FbM solver exploits the fact that under conditions of very low Reynolds numbers, inertial forces
375 on a particle become negligible [32,33]. Because of this, the sum of all forces applied to the mass-point
376 (the net force ZFp) can be assumed to balance the mass-point’s drag force Fp (Fp = ZFP) near
377  instantly. By applying Stokes’ law, the terminal velocity of the mass-point v; can be obtained, under
378 low Reynolds number conditions the mass-point reaches this velocity near instantly and thus we can
379  assume v = v, when Re << 1 (Eq 2) [34]. This simplification effectively halves the number of ordinary
380 differential equations that need to be solved.

_ X
T 6mrops (2)

381 VRV

382  With r. the diameter of the cell and yy are the dynamic viscosity of the fluid.

383  The mass-point’s velocity, and by extension the point displacement, is resolved using a forward Euler
384 method or the second-order Heun’s method [35].

385 Multiple types of interactions may lead to a net force being exerted on any given point. These forces
386 may be due to collision, close proximity repulsion or attraction, attachment and internal structure. A
387  force model for these interactions can be provided through the protocol file. Default models are used
388 if no model is provided. The default force model for agent collision is the Hertz soft sphere model [36]
389 (Eq 3), where r is the effective radius, E.; the effective Young’s modulus and € the agent overlap.

4
390 F=§'\/Teff Eeff 53/2 (3)

391 Rod-shaped cells and filaments have permanent connections between points (L1 & L2 in Fig 2). By
392  default, these connections are modeled as linear springs following Hooke’s law (Eq 4), where k is the
393  spring constant and 6l the difference between the current length and the rest length.

394 F = kbl (4)

395  Aninternal force can also be specified to resist bending, for example for segments of a filament (Angle
396 a in Fig 2). The default model for such torsion springs is the angular form of Hooke’s law (Eq 5), where
397 K is the spring constant, §8 the difference between the actual angle and rest angle, L the length of the
398 momentum arm.

399 F= (5)

400 Forces for agents in proximity can also be specified, for example, close range repulsion and/or
401 attraction, but are not applied by default.

402 Reactions

403  Areaction transforms chemicals; these chemical species may be modeled explicitly as solutes or types
404  of the structured biomass within cells (e.g., regular biomass and storage compounds), or implicitly and
405 so left out of the model description (e.g., water in agueous environments). Reactions have a rate and
406  stoichiometry. They may be catalyzed by agents or occur independently of agents in the environment.

407 Reaction rates may depend on the concentration of certain reactants, such as solutes or biomass, and
408  othervariables, such as temperature. Within iDynoMiCS 2.0, rate equations can be expressed through
409 any type of arithmetic expression, which allows the use of almost any kinetic model, not only Monod
410  type kinetics but also thermodynamics-based kinetics such as the models by Rittmann and McCarty
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411 [37] or Heijnen [38]. Such a thermodynamics-based IbM approach was previously implemented by
412 Gogulancea et al. [39]

413 Positive stoichiometry signifies production, and negative stoichiometry consumption, when the
414  reaction proceeds in the forward direction (has a positive rate). Thus, the production rate of a solute,
415 i, by reaction, j, is given by:

416 Qi,j = Ni,j T'j (6)
417  where N denotes stoichiometry and r denotes reaction rate.
418  Solutes in well-mixed environments

419 In compartments assumed to be well-mixed, there is no spatial structure for solutes nor for agents.,
420  thus the rate of change is an ordinary differential equation summing inputs, outputs and reactions

421 %Ss(t) = Yie inflows DS i(t) — Xie outfiows DiSs(t) + qs(t) (7)

422  where S,(t) is the concentration of solute s at time t and D; the dilution rate for a given inflow/outflow.
423 The production rate expression g,(t) combines environmental reactions, g; .., with reactions catalyzed
424 by each agent, q; ggent-

425 qs(t) = qsenv(S()) + q(S(t),agents(t)) (8)
426  where S(t) is the local solute concentration.
427  Diffusion-Reaction of solutes

428  Within spatially explicit compartments, the dynamics of solutes are governed by two processes: Fickian
429  diffusion and reactions.

430  For each solute, the rate of change for each solute is now given by the elliptic Partial Differential
431 Equation (PDE) that combines Fickian diffusion, given by the divergence div of the diffusional flux
432 driven by the concentration gradient VS, and reaction [40].

433 28:(0) = div(ws(x) - VS,(x,0) + q5(x.0) )

434  where x is the spatial position, w; is the local diffusivity, and S,(x,t) the local concentration of solute s.
435 Dynamics at compartment edges are governed by boundary conditions.

436  AsiniDynoMiCS 1 [17] and other biofilm models, a pseudo steady-state assumption is made to model
437 solute dynamics because reaction and diffusion processes are several orders of magnitude faster than
438 biomass growth, decay and detachment processes [41]. Hence, reaction and diffusion rates rapidly
439 reach a pseudo steady-state while the biomass distribution is changing so slowly that it can be
440  considered ‘frozen’ [42]. This time scale separation drastically reduces the computational demand of
441  the simulation but it should be checked whether the pseudo steady-state assumption is reasonable.

442 Boundaries

443 Spatially explicit compartment boundaries can be of different types. (a) Solid boundaries where neither
444  agents nor solutes can pass through (Neumann or no flux boundary condition). (b) Fixed concentration
445 or Dirichlet boundary conditions where the solute concentrations are fixed to preset values or
446  determined dynamically by an ODE such as Eq 7 for a connected well-mixed compartment. (c) Periodic
447 boundaries where agent and solutes can move through the boundary to the opposite side of the
448  domain, which ensures identical concentrations on each side to avoid edge effects.
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Well-mixed compartments may also exchange solutes and agents with other well-mixed or spatially
explicit compartments through its boundaries. (d) A boundary connecting a spatially explicit with a
well-mixed compartment, where solute concentration gradients in the spatially explicit compartment
result in a diffusive flux through the boundary determined by the concentration gradient at the
boundary. (e) An inflow boundary with preset solute concentrations and flow rate. (f) An outflow
boundary with the concentrations matching the content of the well-mixed compartment and a preset
flow rate, which may match the inflow. The well-mixed compartment may change volume over time if
inflow and outflow rates do not match. An outflow boundary can be set to retain the agents present
in the well-mixed compartment to model biomass retention in a retentostat.

Plasmid Dynamics

Plasmid dynamics incorporates conjugative transfer and segregative loss of plasmids. Plasmids are
included as aspects of an agent, with loss defined as an event occurring upon agent division. The
dynamics of conjugation modeled here follow the known behavior of F-pili driven plasmid transfer
described in S1.11.
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463 Results

464  We start by summarizing the strategy and results of our model verification efforts that were focused
465 on comparing our numerical solvers against analytical solutions in the simpler test cases and well
466  tested solvers implemented in other software in the more complex test cases. This is followed by using
467 benchmarks. First the standard Benchmark 3 for comparison of biofilm models as previously done for
468  iDynoMICS 1. Then a second, new benchmark that is highly sensitive to initial conditions and spatial
469  structures due to positive feedbacks where we can compare iDynoMiCS 2.0 results with BacSim and
470  also investigate the often-neglected effect of different biofilm spreading mechanisms. Finally, we
471  demonstrate some of the new capabilities of iDynoMiCS 2.0 — simulating filaments which requires FboM
472  —and show some surprising new results.

473  Model verification and performance

474  Component testing and solver verification

475 iDynoMICS 2.0 has undergone a rigorous verification process. We focused on numerical solvers, writing
476  code to inspect the state at each iteration and diagnose convergence of solvers. This process helped
477 eliminate bugs and software inefficiencies. It also demonstrated solutions were numerically correct
478  with deviations of <0.1% in all test scenarios with known analytical solutions. The testing process
479  included single-component testing (or unit testing), multi-component testing, stress testing and
480 benchmarking, following a strategy of increasingly complex test scenarios where analytical solutions
481  were known for simpler cases, numerical solutions from well-tested other solvers for intermediate
482  cases and comparison to output of a set of other models for the most complex test cases. Single-
483 component testing entailed the testing of individual parts of the framework against known solutions
484  or predicted convergence. This included tests for collision detection and collision response (S1.2),
485  (bio-)chemical conversion and material transport in a well-mixed compartment (S1.3), microbial
486  growth in a well-mixed compartment (S1.3) and (bio-)chemical conversion and diffusion in a spatially
487  explicit compartment (S1.3).

488 Multi-component testing where multiple parts of the framework are tested simultaneously was
489 performed through using various test scenarios. The goal of these tests was to see whether multiple
490 components worked correctly in unison and whether iDynoMiCS 2.0 can perform more complex
491  scenarios stably and reproducibly. Test scenarios are listed in S1.9, protocol files for all scenarios are
492 available on the iDynoMIiCS 2.0 GitHub repository.
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Stress testing

Stress testing built on multi-component testing, but tested scalability of performance and pushed the
limits of domain size. In the process, software limitations and bottlenecks were removed. The stress
test verified that iDynoMIiCS 2.0 was capable of simulating the development of a 3D biofilm over 175
simulated days to reach >10 million agents (Fig 3, detailed description in $1.4) in 11.34 days on a single
processor.

Fig 3. iDynoMICS 2.0 was capable of simulating large 3D biofilms. A nitrifying biofilm was initiated
with 1,000 Ammonium Oxidizing Organisms (red) and 1,000 Nitrite Oxidizing Organisms (blue) in a
500x500x500 um domain. Both species produced EPS particles (gray semi-transparent). Agents that
dropped below 20% of their division mass as a result of endogenous respiration (maintenance
metabolism) became inactive (black). The 175-day biofilm contained 1.02x107 agents (bacteria and
EPS particles).
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507 Benchmarking against various types of biofilm models

508 iDynoMIiCS 2.0 was benchmarked against 1D or 2D continuum models, 2D Cellular Automata and 2D
509  particle-based models including iDynoMiCS 1, using the multi-species nitrifying biofilm Benchmark
510  Problem 3 or BM3 [43,44]. BM3 was the most complex benchmark developed by the International
511  Water Association biofilm modeling task group to compare computational modeling approaches for
512  biofilms and provide guidance for researchers. All models implemented the same processes.
513 Unfortunately, some published BM3 results are limited to steady state concentrations of organic
514  carbon (expressed as Chemical Oxygen Demand, COD) and ammonium in the bulk liquid that
515  exchanges with the biofilm so we could only show that these results from iDynoMiCS 2.0 did not differ
516  significantly from the distribution of results from the other models (Fig 4, Table SI9). iDynoMiCS 1 was
517  previously shown to produce similar results to another particle-based model, NUFEB [21,45]. We also
518 tested and confirmed that the physically realistic biomass spreading mechanism FbM in iDynoMiCS 2.0
519 gave similar results to the biomass spreading by shoving in iDynoMiCS 1, and for that purpose
520 implemented shoving in iDynoMiCS 2.0 as well (Fig 4). Since FbM produces denser biofilms (in the
521  absence of EPS particles that would distance cells explicitly), biofilm density had to be scaled
522 accordingly for this comparison. An extensive BM3 description and results analysis is included in S1.5.

20 Platform

o

15

-

10

iD2

COD Concentration (g/L)
w
Ammonium Concentration (g/L)

2 (Shove)
iD2
5 (FbM)
1
HA sc LA HA sC LA
523 Case Case

524  Fig 4. Comparing steady states in BM3. Steady state organic carbon (Chemical Oxygen Demand,
525  COD) and ammonium concentrations in the bulk liquid for the three different BM3 cases (HA: High
526 ammonium, SC: Standard case, LA: Low ammonium) across 7 model implementations (W: Wanner,
527 M1: Morgenroth, DN: Dan Noguera, CP: Cristian Picioreanu, NUFEB: NUFEB, iD: iDynoMICS 1, iD2:
528  iDynoMIiCS 2.0, either with shoving algorithm similar to iD or the new Force-based Mechanics).
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529 Comparing the effect of different biomass spreading mechanisms: Biofilms promote

530 altruism case study

531 Asasecond and new benchmark for model testing and comparison, we have chosen a biofilm scenario
532  where a positive feedback can amplify initially small differences leading to divergent results. This was
533  thusagood opportunity to examine the effect of different biomass spreading mechanisms, comparing
534  BacSim, the first implementation of shoving for biofilms [46] with iDynoMiCS 2.0. The scenario
535  consisted of competing two growth strategies, a Rate Strategist (RS) that grew faster at every substrate
536  concentration (higher Umqy, same specific affinity/initial slope of the Monod kinetics) but had a lower
537  growth yield, with a Yield Strategist (YS) that grew more slowly but had a higher growth yield and
538 therefore converted the substrate diffusing into the biofilm with higher efficiency into biomass. This
539 more economical use of resources is an example of altruistic behavior as it benefits selfish neighbors
540  more than self [46]. Model parameters are in Table S11. We found that both IbMs generated the same
541  qualitative outcomes, where YS won at lower initial density (Fig 5A and 5B), RS won at intermediate
542 initial density (Fig 5E-H) and at even higher initial density, YS won again due to clusters of YS ending up
543 on the biofilm surface by chance and then growing better as clusters of cells which are competing less
544  with each other (Fig 5I-L). This combination of chance events — formation of a small cluster of YS cells
545 at the biofilm surface — with positive feedback became obvious after longer simulations (Fig 5K and
546  5L).

547 While the qualitative outcomes were the same, the initial density thresholds separating regions where
548  different strategies win were somewhat shifted. This was a result of the different biomass spreading
549 algorithms: the shoving in BacSim led to more open spaces and increased mixing of cells locally,
550 compared to force-based mechanical relaxation in iDynoMiCS 2.0, which in this case without EPS
551 production only avoided overlap between agents but did not push cells further away (Fig S6). Note this
552 resulted in increased overall biofilm density in iDynoMIiCS 2.0. To compensate for this effect, we had
553  to reduce agent density in iDynoMiCS 2.0 by 47% to maintain similar biofilm densities. Shoving can
554 implicitly model the effect of EPS production generating space between agents, while EPS particles
555 need to be included explicitly to generate space when using FbM simulations. iDynoMiCS 2.0 can do
556  both.
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BacSim iDynoMiCS 2.0 BacSim iDynoMiCS 2.0

1 a

5 initial cells each

e

10 initial cells each

Fig 5. Biofilms promote altruism case study. Rate Strategist (RS, blue) and Yield Strategist (YS, red)
competitions using the shoving algorithm in BacSim [46] (reproduced from “Kreft J-U (2004). Biofilms
promote altruism. Microbiology 150: 2751-2760" with permission) were replicated in iDynoMiCS 2.0
with its force-based mechanics. Cells were initially placed in alternating, equidistant positions with
increasing density from 5 cells per strategy (Scenario 1: a-b), 10 cells each (Scenario 2: e-h) to 50 cells
each (Scenario 3: i-l and c-d). iDynoMIiCS 2.0 panels show local oxygen concentration as a linear gray-
level gradient from zero oxygen (0 mg/L, white) to a maximum concentration (Sox puk = 1 mg/L, black).
Box 1 shows 3-week-old biofilms. Box 2 zooms into panels i and j. Box 3 shows 10-week-old biofilms
developed from the 3-week-old biofilms shown in the same position on the left.
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567 Filaments outcompeted cocci regardless of growth strategy and RS filaments expanded

568 faster

569 Building on the biofilms promote altruism case study and the capability of iDynoMIiCS 2.0 to simulate
570  spherical, rod-shaped and filamentous microbes, we asked whether filamentous growth provides an
571  additional advantage to Yield Strategists (YS). Since sufficiently large clusters of the cooperative YS cells
572  outcompeted the Rate Strategists (RS) (Fig 5), we reasoned that growing as a filament, which can be
573 considered to be a cluster of cells in one dimension, would give YS an additional advantage. Hence, we
574  competed all combinations in a biofilm setting: coccoid RS vs. coccoid YS, filamentous RS vs coccoid
575 YS, coccoid RS vs. filamentous YS and filamentous RS vs. filamentous YS. As filaments need a larger
576 domain and freedom to bend and spread in all directions, these simulations required a 3D domain of
577  sufficient size. The z-dimension was expanded to 12.5 um, whilst keeping solute resolution at 1.5625
578 pum. Since the shoving algorithm cannot properly deal with filaments, the FoM of iDynoMiCS were
579 required. It turned out that filaments were superior to cocci regardless of growth strategy — because
580 filaments quickly gained access to the higher substrate concentrations at the top of the domain where
581  the source of the substrate was located (Fig 6). This range expansion strategy of filaments is similar to
582  cells producing EPS to rise quickly above biofilm neighbors towards the substrate source above, or
583 trees growing faster to the top of the canopy to gain better access to sunlight [47], or the foraging
584  strategy of cord-forming fungi that can form ‘bridges’ between discrete and sparsely scattered patches
585  of nutrient resources [48]. Surprisingly, RS filaments won the competition against YS filaments in each
586 case where the final outcome can be inferred (Fig 6 shows biofilm structures and Fig 7 shows
587 population dynamics over time). A striking difference between Rate Strategist filaments and Yield
588 Strategist filaments is the more open and less dense ‘forest’ structure produced by Rate Strategists.
589 We suggest that the lower substrate consumption rate of the Yield Strategists allows their filaments
590 to grow better in deeper regions of the biofilms than the Rate Strategist filaments, which gain a larger
591 advantage when they happen to grow towards the top. Thus, the stronger competition (or self-
592 inhibition) between Rate Strategist filaments favors expansion over density, leading to a ‘fluffier forest’
593 structure.
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Fig 6. Filaments rule and gave Rate Strategists an advantage. Rate Strategists (RS, blue) and Yield
Strategists (YS, red) competed in a 3D biofilm domain (200x200x12.5 um) for 3 weeks. In the first 4
rows, strategies competed. Column 1 corresponds to spherical cell scenarios in Fig 2 of Ref [46] but
were now simulated in 3D. In column 2, RS formed filaments and in column 3, YS formed filaments.
Filaments won regardless of strategy. In column 4, both formed filaments and RS won or likely won.
The last 3 rows show single species ‘controls’ with 10, 20 or 100 initial agents. The first two columns
show simulations with spherical YS or RS agents while the last two columns show filament forming YS
or RS agents. See Fig 7 for corresponding time courses. Duplicate simulations are shown in Fig SI7.
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603
604 Fig 7. Growth curves corresponding to competitions of Rate Strategists (RS, blue) and Yield

605  Strategists (YS, red) in Fig 6. Duplicates are plotted with dashed lines. Divergence between replicates
606 is most visible in panels g and p. In panel p, it is too early to definitely call the outcome of competition,
607 but it is likely that RS would win given the biofilm structure after 3 weeks (Fig 6P).
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608 Discussion

609 Individual-based models in microbial ecology are uniquely capable of capturing local interactions,
610 individual heterogeneity and adaptation, stochastic processes and emergent properties of biofilms or
611  other spatially structured assemblages [49-58]. The number of publications utilizing IbMs in this field
612 has rapidly increased since the 1990s (S1.13 Fig S10), due to an increased recognition of its potential
613 and facilitated by an increased availability of ready-to-use IbM platforms (discussed below). From its
614  inception, the goal of iDynoMIiCS has always been to provide a well-tested, general-purpose platform
615  for individual-based microbial community modeling, enabling users to specify their model in a
616  structured text file rather than requiring them to program, thereby aiding microbial ecology and
617  synthetic biology research, which seeks to reach a mechanistic and predictive understanding of the
618 interactions of natural or synthetic microbes in the environment. The environment for microbes
619 includes engineered reactors and buildings as well as plant and animal hosts. Here, we present
620 iDynoMiCS 2.0, which has been rewritten from scratch to enable flexible agent and process
621 specifications using orthogonal modules called “aspects”, thus removing key limitations of the original
622  iDynoMIiCS 1. In addition, we expanded the functionality, most importantly a force-based mechanical
623 interaction framework enabling new agent morphologies such as rods and filaments, a new flexible
624  approach to (bio-)chemical conversions enabling any type of kinetic expression, improvements that
625 make the software easier to use including a GUI, a new protocol and program structure, unit
626  conversions and a large number of efficiency improvements allowing for large scale (10+ million
627  agents) simulations. We have further subjected iDynoMiCS 2.0 to rigorous testing to ensure that the
628 platform and its individual components function correctly. In addition to standard unit tests, we have
629  verified the accuracy of its numerical solvers by using a series of increasingly complex test cases from
630  simpler ones with analytical solutions to more complex ones that have to be compared to independent
631 solvers, culminating in the established Benchmark 3 comparison of nitrifying biofilms with different
632 biofilm modeling approaches and a comparison with prior BacSim simulations of the biofilms promote
633 altruism test case because its positive feedback in the growth of cooperative cell clusters results in
634 higher sensitivity to local cluster formation in biofilms.

635 Biomass spreading mechanisms can affect model outcomes, especially when mixing of different
636 species favors a species that can take advantage of becoming embedded in a cluster of cells of the
637  other species, e.g., if the latter is more rapidly growing towards an energy source. Using nitrifying
638 biofilms, it was previously shown that Cellular Automata (CA) cell division rules led to larger scale
639  stochastic mixing of nitrite oxidizers into the (under specific conditions) more rapidly expanding
640 incomplete ammonia oxidizers than a shoving algorithm that minimized cell-cell overlap, which
641 percolated expansion through the biofilm leading to limited, localized mixing. This resulted in a
642  substantially higher fitness of the nitrite oxidizers in the CA simulations as some of them were ‘going
643 with the flow’ of the ammonia oxidizers towards the oxygen supply [15]. Here, we compared this
644  shoving algorithm with FbM, although using the biofilms promote altruism case study rather than
645 nitrifying biofilms. FoM led to even more limited and localized mixing, producing sharper boundaries
646 between different clusters than shoving (Fig 5). As a result, the chance of clusters of yield strategists
647  to emerge out of clusters of rate strategies (after the latter had overgrown them) and thus eventually
648  winning the competition, was reduced. The biofilm structures resulting from FbM are reminiscent of
649 the smooth, gradual boundaries of biomasses in continuum models of biofilms where biomass
650  spreading is proportional to the pressure gradient [59] (Darcy’s law), but the mixing is more limited
651  with the FbM. Note that continuum models where biomass spreading is driven by density-dependent
652  diffusion can lead to complete mixing if counter-diffusion is not considered and gradual but large-scale
653 mixing if it is [60]. Combining our new results with Kreft et al. (2001) [15], we can rank biomass
654  spreading mechanisms in order of increasing and larger-scale mixing: FbM < shoving < CA. The


https://doi.org/10.1101/2023.06.27.546816
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2023.06.27.546816; this version posted June 30, 2023. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is
made available under aCC-BY 4.0 International license.

655  importance of even subtle differences in biomass spreading mechanisms for biofilm pattern formation
656 and population fitness should become more widely recognized as model predictions can be
657  substantially affected.

658 Morphology matters. There is a great variety of shapes [61] and sizes [62] of microbes while microbes
659  of the same species usually have similar shape and size. Young [63] argued that the variety and
660 uniformity of microbial morphology, the ability of bacteria to actively modify their shapes based on
661 internal or external cues and evolutionary selection towards specific shapes all suggest that bacterial
662 morphology is as important as other traits. Different morphologies may be selected for by different
663 selective pressures and ecological niches such as nutrient limitation, predation, attachment, passive
664  dispersal, active motility and differentiation [63,64]. IbMs have previously been utilized to
665 demonstrate how cell shape can play an important role in spatial organization and evolutionary fitness
666  in biofilms [65,66]. Sphere-shaped, rod-shaped and filamentous microbes are commonly found and
667 can already be modeled with iDynoMiCS 2.0 and the implemented ball-spring approach facilitates
668  future extensions to branching filaments or other morphologies.

669 Filaments win. Our filament case study utilized FbM to simulate filaments consisting of sphere-shaped
670  agents and demonstrated that filamentous growth can provide a strong competitive advantage under
671 nutrient limiting conditions (Fig 6). The advantage derives from the ability of filaments to focus the
672  growth of biomass into one direction rather than merely producing offspring adding to an existing heap
673 of cells. This way, longer distances can be covered and new, nutrient rich territories colonized. This is
674  similar to the strategy of cord-forming fungi who can quickly grow towards new resource hotspots
675 [48,67] and microbes that push themselves towards the nutrient source by producing copious amounts
676  of low-density EPS [47]. The advantage of clusters of yield strategists, who compete less and grow
677  faster than a cluster of rate strategists (of the same size and at the same flux of resources into the
678 cluster), turned into a disadvantage as rate strategists who have reached the top of the biofilm where
679  substrate flux was highest experienced stronger positive feedback than yield strategists. This suggests
680 that filamentous growth is a strategy to escape competition between siblings. Given the huge
681  advantage of filamentous growth found here, the question why filamentous growth is not more
682 common in bacteria arises. It is certainly common in fungi and in the ecologically similar streptomycete
683 bacteria, probably because of improved foraging for scattered patches of resources separated by
684 terrain low in suitable resources like oases in a desert. Also in stream biofilms, filament or chain
685  formation as employed by Diatoma spp. enhances nutrient access [29]. Gradient microbes such as
686 Beggiatoa spp. or the intriguing cable bacteria [68] form filaments because they need to access
687  electrons from a reduced sediment and electron acceptors from the oxidized water layer above the
688 sediment. Filamentous bacteria are also found in activated sludge flocs in wastewater treatment,
689  where they have the advantage of growing out of the floc into the nutrient richer bulk liquid but are
690  selected against at the settling stage where only fast sinking sludge flocs are recirculated into the
691 activated sludge stage [69,70]. But what are the disadvantages of filaments? Depending on the
692  environment, several disadvantages may arise. Filaments are not only more exposed to beneficial
693 resources but also mechanical or physiological stresses and attack by phages or predators, although
694  some predators may be deterred from grazing larger cells [63]. Further, packaging biomass into smaller
695 propagules is advantageous for dispersal. Filaments also forsake the advantages of motility [63,71].
696 Cell size is also an important factor for pathogenesis, some bacteria may avoid forming filaments to
697 prevent being killed by the host [64].

698 iDynoMICS 2.0 is joining an increasing number of individual-based modeling platforms that focus on
699 microbes and can support a range of specific models. These platforms can be roughly divided into two
700  groups, based on their subcellular versus ecological dynamics origin and focus. The former group of
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701 platforms comes from systems and synthetic biology and seek to discover how specific microbial
702  community behaviors or phenomena can be achieved through the creation of synthetic microbial
703 communities [72]: CellModeller [73], BSim 2.0 [74] and gro [75]. They can simulate microbial
704  communities made up of rod-shaped microbial agents with specific metabolic, sensing and signaling
705 properties. All three can simulate gene regulatory networks and diffusion of signaling molecules in
706 order to explore and/or design synthetic microbial communities. While gro can only simulate 2D
707 systems, CellModeller can simulate both 2D and 3D systems, while BSim 2.0 can only simulate 3D
708  systems. In models that use these platforms, growth kinetics are typically less important than gene
709 regulation, hence growth is modeled as a simple rate, as in CellModeller, or a rate based on cell length,
710 asin BSim 2.0. However, gro allows growth to be based on Monod kinetics. CellModeller and gro do
711 not include environmental constraints such as physical boundaries, thus simulated microbes tend to
712  grow outwards to form round colonies. BSim 2.0, however, can model physical spaces such as
713 microfluidic chemostats where cells may, e.g., grow and release diffusing signaling molecules.

714 The latter group of platforms originate from larger scale microbial ecology models, primarily for
715 biofilms, which seek to explore population dynamics and ecological and evolutionary processes in
716 biofilms. These include iDynoMiCS [17], Biocellion [76], Simbiotics [77], BacArena [78], NUFEB [21],
717  ACBM [79] and McComedy [23]. They focus on microbial growth and metabolism and mass transport
718  such as diffusion of solutes in order to assess how different growth strategies or metabolic interactions
719 affect the fitness of species growing in a biofilm or impact systems-level outcomes in wastewater
720  treatment systems or bioreactors. iDynoMiCS, NUFEB and Simbiotics can all model growth using
721 equations originating from enzyme kinetics that determine reaction rates from substrate
722 concentrations, such as Monod kinetics. Reaction rates and diffusion are coupled and solved using
723 partial differential equation (PDE) solvers. These solvers are made efficient by taking advantage of a
724 separation of timescales, where, e.g., growth of microbes is on a much slower timescale than diffusion.
725  iDynoMIiCS and NUFEB both simulate a diffusion boundary layer - a region around the biofilm in which
726  diffusion dominates the transport of solutes - as distinct from the rest of the spatial domain which is
727  well-mixed.

728 BacArena and ACBM are unique in utilizing flux-balance analysis to estimate the metabolic flux through
729 ‘individual’ grid elements, based on their local solute concentrations. Diffusion is then solved using a
730  partial differential equation (PDE) solver. NUFEB can model agent growth based on thermodynamics,
731 calculating the Gibb’s free energy of catabolism [39], which could also be done with iDynoMiCS 2.0 as
732 users can specify any arithmetic function for reaction kinetics. Since BacArena and ACBM have to solve
733 flux-balances, which is computationally demanding, the platforms are more restrictive in terms of
734 model scale. BacArena only models agents in a fixed 2D grid, with one agent per grid cell, like a CA,
735  while ACBM groups agents together when evaluating internal processes. The other biofilm modeling
736 platforms simulate grid-free agents that evaluate internal processes on an individual basis. Agents can
737  excrete small particles representing EPS. NUFEB, Simbiotics iDynoMiCS 2.0 also allow adhesive forces
738 to be modeled. In NUFEB and iDynoMIiCS 1, agents are spherical, while in Simbiotics, ACBM or
739 iDynoMICS 2.0, they can be spherical or rod-shaped.

740  Some of the models can simulate fluid motion or advection in addition to diffusion. CellModeller
741 implements an implicit advection model which imposes a linear bulk flow in a given direction. NUFEB
742  can simulate computationally demanding fluid dynamics explicitly through coupling with the fluid
743 dynamics toolbox OpenFOAM, which can solve the fluid velocities based on the biofilm geometry (one
744  way coupling). Forces are then applied to agents based on these flow velocities.

745  The suitability of different individual-based modeling platforms depends on the needs of the user. For
746 exploring synthetic bacterial communities where gene regulation and signaling circuits are engineered
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747 into cells, CellModeller, gro or BSim 2.0 may be the most suitable platforms. When details of
748 intracellular dynamics are less relevant or simply unknown and the focus is on interactions between
749  agents and with the environment, such as in biofilms or other spatially structured habitats where mass
750  transportis crucial, NUFEB and iDynoMIiCS 2.0 may be the most suitable systems. iDynoMiCS 2.0 offers
751  ahighly modular and customizable modeling platform, with both 2D and 3D compartments, spherical,
752 rod-shaped and filamentous microbial agents, a sophisticated reaction-diffusion system and growth
753 models that can be based on any kind of arithmetic expression including enzyme kinetic and
754  thermodynamic based models. It is more straightforward to specify and implement biology in
755 iDynoMICS 2.0. One key drawback in comparison to NUFEB is that iDynoMIiCS 2.0 currently does not
756 model fluid dynamics or advection, and thus if these are important characteristics of the system one
757 wishes to model, NUFEB may be more suitable. BacArena and ACBM offer flux-balance models for
758 metabolism, but therefore come with other limitations.

759 For specific applications, other Agent-based or related bottom-up modeling platforms are worth
760  considering. IndiMeSH [80] is an IbM platform capable of simulating laboratory models of soil habitats.
761 CHASTE [81], BioDynaMo [22], PhysiCell [82] and compuCell3D [83] have been primarily used for tissue
762 modeling, which could make them applicable to the somewhat similar biofilms. Morpheus [84], like
763 compucCell3D, utilizes a cellular Potts model to model multicellular systems. Further, there are several
764  general purpose AbM libraries or toolkits, which facilitate the programming of a specific model by
765 providing a wide range of common routines so models can be specified with a high-level language
766  tailored for this purpose. These libraries could be suitable for certain microbial community models in
767 addition to various other fields of research. They include NetLogo [85], FLAME [86], Mason [87], Repast
768 simphony [88] and others.

769 iDynoMICS 2.0 has been developed from scratch because the hierarchical inheritance of agent features
770 in iDynoMIiCS 1 prevented the fully flexible pick and mix approach to agent characteristics and
771 processes that was required for further expansion of capabilities. Moreover, iDynoMiCS 2.0 sports
772 several key enhancements, such as the ability to simulate spherical, rod-shaped and filamentous
773 microbes and using Force-based Mechanics for biomass spreading, which we show can have important
774  consequences. It can simulate larger 3D domains due to efficient neighbor searching, a faster
775 converging reaction-diffusion solver and numerous other performance improvements. iDynoMiCS 2.0
776 was designed with both ease of use, from a GUI to unit conversions, and ease of extension in mind,
777 providing a solid and well tested simulation platform for a wide variety of microbial community studies
778  to come. We showcased the simulation of filamentous microbes using the biofilm promotes altruism
779  case study and found that the rate strategists gained a stronger advantage from filamentous growth
780 because their tips can escape from the stronger competition between themselves. This demonstrates
781  just one of many new possibilities of iDynoMiCS 2.0.
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793  Code availability
794  All source code and data associated with this project is published under the GNU General Public License

795  (GPL) compatible CeCILL license V2 and available as an online repository on
796  https://github.com/kreft/iDynoMiCS-2
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1053  S1.1 Introduction

1054  The supplementary materials provide additional details on the iDynoMiCS 2.0 framework and the
1055 model implementations presented in the main manuscript. This includes a further description of the
1056  framework and detailed descriptions of the case studies with their parameters. Moreover, the model
1057  verification and benchmarking against prior work is presented.


mailto:j.kreft@bham.ac.uk
mailto:baco@dtu.dk
https://doi.org/10.1101/2023.06.27.546816
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2023.06.27.546816; this version posted June 30, 2023. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is
made available under aCC-BY 4.0 International license.

1058 S1.2 Detailed description of Force-based Mechanics (FbM) and testing

1059  The force-based mechanical interactions between agents and agents and surfaces in iDynoMiCS 2.0
1060 rely on both correct detection of overlapping agents or collisions and correct responses. Detection is
1061 simple for stored interactions such as the interaction between the two points of a rod cell connected
1062 by a spring or the interaction between cells in a filament also connected by springs. In this case,
1063  detection is as simple as checking whether interaction data is stored as an aspect of the agent. In the
1064 case of collisions or attractive interactions, collision detection is utilized. Different shapes as well as
1065 periodic boundaries add complexity to this routine. For verification purposes, a total of 36 collision
1066 detection scenarios (Table S1) were tested and included in the software as unit-tests.

1067 Table S1. In total, 36 collision detection scenarios were included as standard unit tests. All tests
1068 include two objects to create one of the following scenarios: object-object overlap (hit), no overlap
1069  (miss), overlap through a periodic boundary (periodic hit) and no overlap, but proximity through a
1070  periodic boundary (periodic miss). The sphere and rod objects correspond to agent shapes. Solid
1071 boundaries utilize an (infinite) plane object to allow for agent interactions. The voxel is a cube aligned
1072  with the coordinate grid. Numbers indicate the number of different configurations tested. In all tested
1073 scenarios the collision detection algorithm correctly detected the hits and misses.

Sphere + | Sphere + | Rod + | Plane + | Plane + | Voxel + | Voxel +
Sphere Rod Rod Sphere | rod Sphere rod

hit 1 1 1 1 1 1 6

miss 1 1 1 1 1 4

periodic hit 1 1 1 1 1 1 3

periodic miss | 1 1 1 1 1

1074

1075 Correct interaction response entails relaxing mechanical stresses between agents until a relaxed state
1076 s reached. Criteria for a relaxed state can either be a threshold value for tolerated residual interaction
1077  force in the model state or a threshold value for tolerated agent overlap (um). In the test in Fig S1, an
1078 over-compressed initial state underwent 1,000 FbM iterations using its default parameters. Initial peak
1079 interaction forces dropped exponentially to asymptotically approach zero (the maximum residual
1080 interaction force (reached after 829 iterations) was less than 0.1 fN).

TR € oot PRt e e i FbM convergence
300
250

200

Highest interaction force [fN]

0.08 fN

0 200 400 600 800 1000

Solver steps

1081

1082 Fig S1. FbM led to rapid relaxation of mechanical stress from an initially over-compressed state. Left
1083 panels from the top showing highest interaction force next to the biofilm structure: 275.1 fN for the
1084 initial state, 8.9 fN after 100 steps, 3.6 fN after 200 steps, 0.08 fN after 1,000 steps. Panel on the right
1085 shows exponential drop of the highest interaction force towards zero, demonstrating convergence of
1086  the FbM solver.
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1087 S1.3 Testing Reaction and Diffusion of Chemical Species

1088 In iDynoMIiCS 2.0, ODE and PDE solvers are responsible for modeling the diffusion and reaction
1089  (consumption or production) of solutes throughout the simulated system and are therefore
1090 responsible for the maintenance of mass balance within the model. Reactions can be chemical
1091 reactions or catalyzed by individual agents.

1092 To test that these solvers work as intended, a range of test cases were run, which allowed the results
1093  from iDynoMIiCS 2.0 to be compared with known analytical solutions. The tests were conducted
1094  starting with the simplest and proceeding to increasingly complex systems. The first two tests were
1095 non-spatial systems, used to test the ODE solver, while the latter two tests were for the more complex
1096 PDE solver in a 2D spatial system. All tests are described in full below.

1097 1. Non-growing Catalyst Agent in a Chemostat

1098 For this simplest test, a single agent was simulated in a chemostat compartment, consuming the
1099 inflowing solute. Fresh medium with a fixed solute concentration flowed into the chemostat at a fixed
1100 flow rate. Spent medium flowed out of the chemostat at a rate equal to the inflow. The consumption
1101 of the solute by the agent was proportional to the solute concentration and to the agent’s mass. The
1102 agent was neither growing nor removed.

1103  This system can be described by the following differential equation

as QS QS mqS

1104 P v v

1105 where S is the solute concentration of the substrate in the chemostat, S, is the solute concentration in
1106  the inflowing medium, Q is the flow rate with dimension volume per time, V is the volume of the
1107 chemostat, tis time, q is the rate of solute consumption by the agent and m is the mass of the agent.

1108  The steady-state solution for this differential equation is

QSo

1109 §F=——
Q+mq

1110  This system was simulated in iDynoMiCS 2.0, with timesteps of 100 minutes. The steady state predicted
1111  given parameters in Table S2 was 4.0 x 10° pg pm-3 and the simulated concentration converged to this
1112  steady state exactly (Figure S2A).

1113 Table S2. Parameters used in the numerical tests of the chemostat solver.

1114

Parameter Non-growing agent in chemostat Growing population in chemostat
So 2.0 pg um=3 2.0 pg um=3

Q 1.0 um3 min~! 1.0 ym3 min~!

Vv 1.0 x 103 um3 1.0 x 103um?

q 0.1 um3 min~tpg—1

Ks 1.0 um3 min~! pg~!

m 10 pg*

Mmax 0.1 min?

Y 0.5pgpg?

*The mass for the simulation of the growing population refers only to the initial mass.
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1115 2. Growing Population in a Chemostat

1116 In this simulation, a growing population of agents in a chemostat consumed an inflowing substrate and
1117  converted it to biomass. Outflow removed both spent medium and agents, at a rate equal to the
1118 inflow. Agent removal was stochastic. The agents consumed substrate and grew according to Monod
1119 kinetics:

_ .umax S

1120 Ks+5S

1121 Where u is the specific growth rate, u,.q is the maximum specific growth rate and Ks is the half-
1122 saturation constant, the value of S at which = pnay/2.

1123 Here, the rate of change of substrate concentration is given by

ds QSy QS
1124 —= —— — Y lu©s)P

it~ vV v Hs)
1125  where Y is the biomass yield from the substrate and P is the concentration of the biomass of all
1126  (planktonic) agents in the chemostat, with the rate of change given by
1127 ap = QP + u(S)P
1128  This system can be solved to find the steady states for both P and S, the washout steady state of P* = 0,
1129 S = 5 [89], and the steady with agents present:

. Q/VKS
1130 S = — 0/
Hmax — /V
1131 P*=Y(Sy—S5Y)

1132  With the parameter values in Table S2, we obtain the following steady state predictions:
1133 $*=0.010101 pg um™3
1134 P* = 0.994949 pg uym=3

1135 Running the simulations in iDynoMIiCS 2.0 yielded the expected stable steady state (Figure S2B,C). The
1136 mean simulated values at steady state were S* = 0.9906 pg um=3 and 0.0101 pg um-3. These results
1137  differ from the expected steady states by 0.004% and 0.0003%, respectively.

1138 3. Thin Layer of Non-growing Cells in a Spatial Domain
1139 In this test, a thin non-growing layer of cells, occupying one row of solver grid elements, was simulated
1140  at the bottom of a spatial compartment, with a concentration boundary layer above the cells, and a
1141 well-mixed region above that with the constant concentration of substrate S,. Since there was no
1142  gradient of biomass or reaction rates in the horizontal direction, this is effectively a 1D system for
1143 which an analytical solution for the flux, J, can be calculated according to Fick’s first law

ds
1144 J=DZ
1145  where Jis the areal flux density through the diffusive region, D is the diffusivity of the solute S and x is
1146  the vertical distance (the direction for the flux and substrate concentration gradient).
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1147 Given that at steady state, flux must be constant along the x-axis in the region where the substrate is
1148 not consumed and then starting to decline where the substrate is consumed by the cells at the bottom,
1149  we can substitute J by the areal consumption rate at the cell-layer surface. Modeling a simple
1150 consumption rate proportional to biomass and substrate concentration, we obtain

qu*ZDSO— A

1151 " Ax

1152 where S* is the steady-state concentration at the biofilm surface, A is the surface area of the biofilm
1153 and Ax is the depth of the diffusion-dominated boundary layer. This can be rearranged to

DAS,

11 §S'= —————
>4 Axmqg+DA

1155  Setting the parameters as shown in Table S3, the predicted steady state concentration at the cell layer
1156  surfaceis S* = 1.8 x 10~ °pg pum™3. This was matched in the simulation (Figure S2C). Deviations from
1157  the expected concentration are very small at each height, with the greatest deviation of 0.017% at a
1158 height of 8 um.

1159  Table S3. Parameters used in the numerical tests of the spatial domain in iDynoMIiCS 2.0. The total
1160 biomass was higher for the thick layer, all other parameters were identical.

Parameter Thin layer Thick layer (biofilm)

So 20%x10"%pg um=3 20%x10"%pg um=3

D 36,000 um*min—! 36,000 um*min—!

q 100 ,um3min_1pg_1 100 ,um3min_1pg_1

m 128 pg 1200 pg

Ax 10 um 10 um

A 32 um? 32 um?
1161
1162 Biofilm - Thick Layer of Non-Growing Cells in a Spatial Domain
1163 For a biofilm simulation with a thicker layer of cells, no analytical solution is available for the solute
1164  concentration at the surface of the biofilm. However, the nature of the boundary at the bottom of the
1165 domain, aninert, solid and flat surface with a no-flux (Neumann) boundary condition, provides another
1166  testable feature. As a result of the thick biofilm layer consuming substrate while it diffuses towards
1167 the bottom, the concentration gradient is expected to decrease from the maximum level in the
1168  diffusion boundary layer to become zero at the inert surface. The results of the test replicated the
1169 predicted features of the concentration gradient (Figure S2D), suggesting that the diffusion-reaction
1170  solver and the no-flux boundary conditions in iDynoMIiCS 2.0 are functioning as expected. There was
1171 no horizontal gradient or any unexpected deviations at the horizontal, periodic boundaries.
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1173 Fig S2. Results of numerical tests of the ODE and PDE solvers. Red lines show expected steady states.
1174  a—Results from the non-growing chemostat population. Concentration tended towards the expected
1175  steady state of 0.4 pg um=3. b, c — Results from the growing chemostat population. Concentrations
1176  tended towards the expected steady states of 0.0101 pg um-3 substrate (b) and 0.9949 pg um-3 biomass
1177  (c). de) — Results from thin cell layer. Concentration at biofilm surface matched predicted
1178  concentration of 1.8 x 10® pg um3. e — Results from thick cell layer. Vertical line marks biofilm surface.
1179  The substrate concentration gradient was linear in the diffusion boundary layer above the biofilm
1180  surface and then decreased towards zero at the inert boundary at height 0, as expected.

1181  S1.4 Large scale stress-test

1182  Atwo-species nitrifying biofilm model was set up to test the ability of iDynoMiCS 2.0 to simulate larger
1183  scale domains. The kinetics are based on Hubaux et al. [90]. A 500x500x500 um spatial compartment
1184  with fixed concentrations at the top of the domain was initiated with 1,000 Ammonium Oxidizing
1185  Organisms (AOO) and 1,000 Nitrite Oxidizing Organisms (NOO), randomly distributed over the inert
1186 surface at the bottom of the spatial compartment. Model parameters are given in Table S4 and the
1187  stoichiometry and process kinetics are given in the Petersen matrix in Table S5.
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1188  Table S4. Parameters for the two-species nitrifying biofilm model. All kinetics for this model are
1189  based on Hubaux et al. [90].

Ammonium oxidizing organisms (AOQO)

Haoco d Maximum specific growth rate of AOO 2.05
Yoo 8coo/En Growth yield of AOO 0.15
KNH,4,AOO0 gnnan/M3 | Half saturation constant for AOO 2.4
KO,,A00 8cop/M3 Half saturation constant for AOO 0.6
baco d? Decay rate of AOO/End. Resp. rate 0.13
iNXB gn/8cop Nitrogen content in AOO 0.083

Nitrite oxidizing organisms (NOO)

Hnoo d Maximum specific growth rate of NOO 1.45
Ynoo 8con/ B Growth yield of NOO 0.041
KO,,NOO 8con/M3 Half saturation constant for NOO 2.2
KNO,,NOO gnoa-n/mM3 | Half saturation constant for NOO 5.5
bnoo d? Decay rate of NOO 0.06
iNXB gn/Ecop Nitrogen content in NOO 0.083

1190 The simulation was run on a single core of an Intel Xeon E5 2660 processor with 256 GB memory, the
1191 biofilm surpassed 10 million agents after 11 days and 8 hours CPU time, less than the 171 days of
1192 simulated time of biofilm development. The simulation was stopped after 175 days of simulated time.
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1193 The AOO and NOO populations initially grew exponentially as long as growth was not limited by
1194 substrate influx and then grew linearly (Figure SI3) while being limited by substrate influx, until
1195 reaching a steady state after around 100 days simulated time due to the balancing of overall growth
1196 and decay rates with only minor fluctuations in population size. There was no decline as bulk
1197  concentrations were kept constant. EPS and inert agents were assumed not to decay in this model,
1198 consequently these agent populations continued to increase.

Total agent mass in Nitrifying biofilm
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1199

1200 Fig S3. Agent mass in the large scale stress test simulation of a biofilm in 3D. The Autotrophic
1201 nitrifying biofilm was initiated with 1 mg Ammonium Oxidizing Organisms (red) and 1 mg Nitrite
1202  Oxidizing Organisms (blue). Both species produce EPS particles (gray). Agents that drop below 20% of
1203 their division mass as a result of endogenous respiration/decay became inactive (black). The 175-day
1204  biofilm contains 1.02x107 agents.
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1205 Table S5: Petersen (stoichiometric) matrix for reactions in the stress test.

SNH4 So2 Sno2 Snos3 Xaoo Xnoo EPS Kinetic expression
gN m3 gCcobD m3 gNm3 |gNm3 |gCODm?3 |gCOD m3 |gEPS m3
AOO _ 1 343—Yaol 1 . 1 X S
—1 —_ —_ —_ * *
growth NXB Y 400 Y 400 Y400 3 Haoo * 2400 Knn,ad
NOO , 1.14 —Yyo 1 1 . 1 5 S
—INxB — - 5 * *
growth Yoo Ynod Ynoo 3 Moo * ANoo ™ e NO,N
AOO
-1 baoo * X 00
decay
NOO
-1 bnoo * Xnoo
decay

1206
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1207 S1.5 Benchmark 3, a comparison of biofilm modeling platforms

1208 One of the longest established applications of biofilm modeling is modeling the treatment of
1209  wastewater. The International Water Association (IWA) set up a Biofilm Modeling Task group to
1210 compare computational modeling approaches to biofilms and provide guidance for researchers
1211  seeking to simulate biofilms. One of the key outputs of this work was the development of a series of
1212 Benchmark models — biofilm systems that could be modeled in a variety of modeling platforms to
1213 facilitate comparisons between different modeling approaches and establish the effects of different
1214  model designs and simplifying assumptions on simulation outputs [7]. The most complex of a set of
1215 benchmarks, Benchmark 3 (BM3), was designed to simulate microbial competition in a biofilm, with a
1216 source of chemical oxygen demand (COD) being oxidized by a population of heterotrophs and a
1217 population of autotrophs oxidizing ammonia to nitrate. This can be thought of as lumping two-step
1218 nitrification by ammonia- and nitrite-oxidizing organisms into a single process or modeling one-step
1219 nitrification by comammox (complete ammonia oxidizers). BM3 is necessarily limited to what all
1220 models are capable of simulating.

1221  The IWA Biofilm Modeling Task Group ran BM3 simulations on a wide range of modeling platforms,
1222  with a variety of different approaches to modeling biofilms. Later, BM3 was also used for model
1223 validation in the development of iDynoMIiCS [17] and NUFEB [21]. Here, iDynoMICS 2.0 is compared
1224  against a selection of four models from the original IWA task group, as well as NUFEB and iDynoMIiCS
1225 1. A summary of the different models and their approaches to BM3 follows:

1226 e W — a one-dimensional continuum biomass model run on the AQUASIM software [91] and
1227 developed by Peter Reichert and Oskar Wanner [92,93]

1228 e M1 —avariant of the W model with a fixed boundary-layer thickness by Eberhard Morgenroth
1229 et al. [94]

1230 e DN - a two-dimensional cellular automaton model developed by Daniel Noguera and
1231 colleagues [95]

1232 e CP - a two-dimensional individual-based model, with biomass spreading via shoving,
1233 developed by Cristian Picioreanu and colleagues [96]

1234 e NUFEB — A three-dimensional individual-based model that uses a platform derived from a
1235 molecular dynamics simulator by Li et al. [21]

1236 e iDynoMiCS 1 — An individual-based model by Lardon et al. [17] used here for 2D simulations.
1237 This platform is the precursor to the one described in this paper, and the implementation of
1238 BM3 is very similar

1239  As this set of modeling platforms represents a variety of different modeling approaches, they provide
1240  a valuable set of results against which to compare iDynoMiCS 2.0. The BM3 scenario has previously
1241 been used by Lardon et al. [17] and Li et al. [21] to benchmark iDynoMIiCS 1 and NUFEB, respectively.
1242 Note that NUFEB has also been directly compared with iDynoMiCS 1 based on the BM3 scenario but
1243 varying seven model parameters sampled with a Latin hypercube.

1244  As this set of modeling platforms represents a variety of different modeling approaches, they provide
1245 a valuable set of results against which to compare the results of the BM3 simulation in iDynoMiCS 2.0.
1246 A description of the implementation of the BM3 model in iDynoMiCS 2.0 follows, henceforth referred
1247  to by the abbreviation BM3-iD2.

1248  BM3-iD2 Model Description
1249 Previous descriptions of BM3 did not explicitly state two critical details that we had to infer by trial and
1250  error. One was that the oxygen concentration in the bulk liquid was kept constant and the other was
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1251  that the biomass density of the biofilm had to be tuned by scaling the biomass density of the agents.
1252 Hence, to facilitate reproduction, we give a full description of BM3 here, using the ODD protocol as a
1253  framework, with parts of the description that are already covered by the ODD description of iDynoMiCS
1254 2.0 omitted. The description of BM3-iD2 follows the description of BM3 in Wanner et al. [7].

1255 Overview

1256 Purpose and patterns

1257  This model simulates multi-species biofilms growing in an aqueous environment as commonly found
1258 both in nature and in treatment systems for wastewater and drinking water. The biofilm is composed
1259  of two species representing microbial functional groups — an aerobic heterotroph and an aerobic
1260  autotrophic nitrifier. Both of these species undergo inactivation processes which transform an agent’s
1261  active biomass to inert biomass, meaning that there are three types of biomass present in the biofilm:
1262 heterotrophic, autotrophic and inert. The two microbial species compete for oxygen and for space in
1263 the biofilm and are transformed into the same inert biomass, leading to vertical stratification of the
1264  three different types of biomass through the biofilm.

1265  The purpose of the BM3-iD2 model is to allow comparison between iDynoMiCS 2.0 and other biofilm
1266 models. Previous publications did not report time series and only some reported biomass distributions,
1267  which limits comparisons to various characteristics of the steady state, including solute concentrations
1268 in the bulk liquid, biomass concentrations and to some extent biomass distribution. A close match to
1269  otherimplementations of BM3 would demonstrate that differences in biomass spreading mechanisms
1270 between the models have little impact on overall transformation and growth rates in the biofilms and
1271  suggest that iDynoMIiCS 2.0 is a reliable modeling platform. Deviations would suggest that differences
1272 between models, primarily different biomass spreading mechanisms, could affect predictions of
1273 overall biofilm performance.

1274 Table S6. Parameters used in the Benchmark 3 simulations.

Parameter Value
Standard case High ammonium Low ammonium
Ammonium influent _3 _3 _3
concentration 6gm 30gm 15gm
Dilution rate 0.0111 min~!
Volume of bulk liquid 4.0 x 10°um?3
COD influent concentration 30gm=3
Carrier surface area 320 um?
Biofilm thickness 500 um
Constant oxygen concentration 10 =3
in bulk liquid
Biofilm density 10g L7t
Agent density Shoving 125 g L7t
Agent density FbM 10.08 g L1
Agent division dry mass 4pg
Boundary layer thickness 0 um
Shove Factor 1.05

1275
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1276 Entities, State Variables and Scales

1277 The computational domain for BM3-iD2 is a 2-dimensional, spatially explicit compartment with a width
1278 of 320 um. As detailed in Submodels, 2D simulations have a virtual third dimension with a thickness of
1279 1 um, meaning the effective surface area at the base of the biofilm is 320 pm?. This domain represents
1280  avertical slice of a biofilm that contains all simulated microbial agents. In order to maintain the defined
1281 biofilm thickness of 500 um, all agents with a central point greater than 500 um above the base are
1282 removed from the simulation at the beginning of each simulated time step. The biofilm compartment
1283 is coupled to a well-mixed bulk liquid compartment with a volume of 0.4 uL, which receives a constant
1284 inflow of 0.26 uL h', with outflow of the bulk liquid at the same rate. Inflowing bulk liquid contains
1285  three solutes at fixed concentrations: organic carbon measured as chemical oxygen demand (COD) at
1286 30 g m3, oxygen at 10 g m3 and ammonium at three different concentrations (Table S6). Solutes are
1287  well-mixed in the bulk compartment and in the upper portion of the spatial domain above the
1288 boundary layer. In the portion of the spatial domain that contains the boundary layer and biofilm,
1289 solutes diffuse through a grid with a resolution of 20 um. The principal agents in BM3-iD2 are the
1290 microbial agents, of which there are two types — autotrophs and heterotrophs. Both species are
1291 modeled as spherical cells (coccoids), with a division mass of 4 pg. Agent biomass is composed of active
1292 and inert portions for both species.

1293 Most models in the original IWA task group could directly set a biofilm biomass density as a parameter,
1294  andthisis defined in BM3 as 10 g L. However, as iDynoMiCS-2 is an individual-based model, users can
1295  only set the density of agents, with biofilm density an emergent property. In order to match the biofilm
1296 density in other models, simulations were run with a variety of agent densities until a biofilm density
1297 matching the other models was obtained. Since the emergent biofilm density depended on the agent
1298 relaxation method used, in simulations using shoving, an agent (cellular) biomass density of 12.5 g L*
1299  was used, while in simulations using Force-based Mechanics, an agent biomass density of 10.08 g L*!
1300  was used. It was also discovered that the biofilm density used when running BM3 in the original
1301  iDynoMICS 1 was incorrectly stated in the publication [17] as an agent biomass density of 15 g L, but
1302  this led to a final biofilm density of ~ 12 g L'X. Hence these simulations were rerun with the modified
1303  agent density used in BM3-iD2 to match a biofilm density of 10 g L'X. These new results in iDynoMiCS
1304 1 are also presented here.

1305 Process Overview and Scheduling

1306  The BM3-iD2 simulation proceeds in global timesteps representing 12 minutes of simulated time.
1307 Within this timestep, various core processes are simulated in a set order, while other processes
1308  (specifically, data reporting processes) occur less regularly than the global timestep. The order of
1309 processes in the spatial domain is as follows:

1310 1. Agent removal — Agents with centers higher than 500 um above the base of the biofilm are
1311 removed

1312 2. Mechanical relaxation — Either shoving or Force-based Mechanical relaxation to minimize
1313 agent overlaps

1314 3. Reaction-diffusion — Agents determine their reaction rates, based on solute concentrations
1315 and biomass amounts. Active agents also grow and divide. Solute concentration grids are
1316 updated according to reaction rates, and the boundary with the bulk compartment is updated
1317 (see Submodels)

1318 4. Reporting (only every 2 simulated hours) — Biomass density grids and totals of different
1319 biomasses are written to files

1320 Inthe bulk compartment, there is a simpler series of processes as follows:
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1321 1. Solute concentrations are updated according to inflows, outflows and diffusion into the biofilm
1322 (as determined by the boundary between the two compartments)
1323 2. Afile recording solute concentrations is updated
1324  These two sets of processes are carried out separately within each timestep, with the bulk
1325  compartment carrying out its processes before the biofilm compartment.
1326 Design Concepts
1327  The majority of the design concepts in BM3-iD2 are identical to the design concepts of the modeling
1328 platform itself, iDynoMiCS 2.0. Therefore, for a fuller description of the design concepts, see the
1329 Methods section of this paper. Design concepts that are specific to the BM3-iD2 model are described
1330 below.
1331 Emergence: The interactions between the two species, especially the competition for oxygen and for
1332  space, because the top of the biofilm is maintained at a constant height, lead to particular distributions
1333 of biomass within the biofilm, which in turn determine the steady state concentrations of COD and
1334  ammonium in the bulk liquid.
1335  Interaction: Agents interact with one another and with solutes in their local environment. Physical
1336  interactions cause agents to push against one another as they grow, causing a flow of actively growing
1337 agents and their neighbors upwards towards the top of the biofilm. Consumption of solutes by agents
1338 determines the rates of solute diffusion into the biofilm and also facilitates competition between
1339  agents, with agents near the top of the biofilm having access to solutes at greater concentrations.
1340  iDynoMICS 2.0 has two main agent overlap relaxation methods: A Shoving algorithm and Force-based
1341 Mechanics, described in detail in Submodels. In order to establish whether these different relaxation
1342 methods affected the results of BM3, simulations were run with both methods, with agent density
1343  adjusted for each method, to achieve an overall biofilm density of 10 g L.
1344  Table S7. Petersen (stoichiometric) matrix for reactions in the Benchmark 3 simulations, adapted
1345  from Rittmann [43] and Lardon et al. [17]. Biomasses are denoted with X. Specifically, X,; = heterotroph
1346 active biomass, Xy = nitrifier (autotroph) active biomass. Substrate concentrations are denoted with S,
1347 S for the organic substrate COD, Sy for ammonium and Sg, for oxygen. For descriptions of the other
1348 parameters, see Table S8.
Biomass type Substrate Kinetic expression
Active | Inert | Sg S Soz

Heterotroph 1 -1 —(1-Yp Ss So2 ¥

growth Yy Yy Hmaxh g 1S Koan+So2”

Heterotroph

P -1 1 bina,HXH

decay

Heterotroph So2

maintenance 1 B breS'HXHKOZ’H + Soz

Autotroph 1 —1 —(4.57=Yy) SN So2 ¥

growth Yy Yy Hmax Vi 3 Sy Ko + Soz” "

Autotroph

P -1 1 binanXN

decay

Autotroph So2

maintenance 1 B breS'NXNKOZIN + Soz

1349
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1350 Initialization

1351 50 agents of each species are placed randomly within the bottom 160 um of the spatial compartment
1352 before the first timestep of the simulation. Each of these agents starts with 10 pg active biomass,
1353 meaning they are expected to divide in the first timestep as the division mass is 4 pg, introducing some
1354  stochastic variation in total agent masses. Initial solute concentrations are set to the values in the bulk
1355  inflow.

1356 Submodels

1357 Bulk solute dynamics

1358  The concentrations of COD and ammonium are solved in the bulk compartment according to Equation
1359 3. However, the concentration of oxygen in the bulk had to be fixed at 10 g m™3 to match the results
1360 reported for BM3. In the well-mixed region of the spatial compartment that does not contain any
1361  agents, concentrations are set to those in the bulk compartment. In the rest of the spatial domain,
1362 solutes diffuse through the solute grid and are consumed by agents at rates according to the agent
1363 reactions.

1364  Table S8. Kinetic parameters in the Benchmark 3 models.

Parameter Symbol Value
Maximum specific growth rate, 1
heterotroph Hmax, 59976 day
Half-saturation constant, K 4 _3
heterotroph growth > gm
Heterotroph growth yield Yu 0.63
Half-saturation constant, 3
heterotroph maintenance Koz 0.29m
Maintenance rate, heterotroph bresh 0.32 day_1
Decay rate, heterotroph binan 0.08 day_1
Maximum specific growth rate, 1
autotroph Umax N 0.1386 day
Half-saturation constant

’ K . -3
autotroph growth N 15gm
Autotroph growth yield Y 0.063
Maintenance rate, autotroph bresn 0.12 day_1
Decay rate, autotroph Binan 0.03 day*
Half-saturation constant, _3
autotroph maintenance Koz 0.5gm

1365

1366 Agent Reactions

1367 Both species carry out three different reactions, a metabolism reaction, a maintenance reaction and
1368 an inactivation reaction. The metabolism reaction is equivalent to growth, increasing biomass, and
1369  using COD as electron donor and oxygen as electron acceptor in the case of heterotrophs and
1370 ammonium as electron donor and oxygen as electron acceptor in the case of autotrophs. The
1371 maintenance reaction represents the endogenous respiratory consumption of biomass for cell
1372 maintenance and oxidizes biomass with oxygen. The inactivation reaction lumps any additional loss of
1373 active biomass into a single decay process which converts metabolically active biomass to inert
1374 biomass. The growth and respiration reactions proceed according to Monod kinetics, while the
1375  inactivation reaction is governed by first order kinetics. See Tables S7 for the Petersen matrix and S8
1376  for the kinetic parameters.
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1377  BM3-iD2 Results

1378  Once parameters were finalized, three replicates of each combination of case and relaxation method
1379  were simulated in iDynoMIiCS 2.0 for 120 simulated days. Additionally, three replicates of each case
1380  were simulated in iDynoMIiCS 1 with the newly adjusted agent density parameter for the purposes of
1381 comparison. Solute concentrations generally reached steady state within 20 simulated days, while
1382 biomass took longer to reach steady state (Figure S4). To compare iDynoMiCS 2.0 to the other models
1383 that have run BM3, various output variables were compared (Figures S4, S5, Table S9). These included
1384  steady state concentrations of COD and ammonium, steady state densities of the various biomass
1385  forms and the distribution of biomass within the biofilm.

1386 Solute Concentrations

1387 Unsurprisingly, the BM3 results from iDynoMiCS 1 and iDynoMiCS 2.0 were very similar (Figure S4).
1388  These models have very similar basic designs and in a simple biofilm model, behave very similarly.
1389 Furthermore, there is no clear impact of the biomass spreading mechanism used in iDynoMiCS 2.0 as
1390 the Shoving or Force-based Mechanics simulation results were very similar. However, different agent
1391 densities were required for these two spreading methods to produce an overall biofilm density of 10
1392 g L?, because the FbM produced denser biofilms than the Shoving algorithm in the absence of this
1393 adjustment. This is because Shoving is generally used to model the effect of EPS production —increased
1394  distance between cells — implicitly by using a Shoving factor, a multiplier on the radius of the cells.
1395  Thereis no EPS in BM3, including EPS would reduce biofilm density in a mechanistic way.

1396  Steady state bulk liquid concentrations from the results with Shoving were compared with the results
1397  from the other models using the multivariate version of the t-test, Hotelling’s 1-sample T? test. In the
1398 case of results from simulations with the Shoving relaxation algorithm, results from iDynoMiCS 2.0 did
1399 not differ significantly from the distribution of the other models (Table S9). Despite this, the steady
1400  state COD concentrations in iDynoMiCS 1 and 2.0 were generally higher than those in the other models
1401  (Figure S4, Table S9). In simulations using Force-based mechanics, there was a significant difference
1402 between iDynoMiCS 2.0 and the other models in the high ammonium case (Figure S9). This suggests
1403 that using force-based mechanics leads to a more pronounced difference in the BM3 results, due to
1404  differences in the spreading and distribution of biomass.

1405 Biomass distribution

1406  Another key output of the BM3-iD2 model is the biomass density and vertical distribution. As both
1407  species in the model can have both active and inert biomass, there are three different biomass types
1408  with different concentrations and distributions - heterotrophic, autotrophic and inert. The total areal
1409  densities of these biomass types are compared between models in Table S10. Vertical distributions of
1410 the various biomass types in the different cases are shown in Figure S6. These show a qualitatively
1411 similar pattern to the CP model [44], with fast-growing heterotrophs dominating the top of the biofilm,
1412  while autotrophs grow more slowly and are at their most abundant in the middle or bottom of the
1413 biofilm. Autotrophs vary widely in abundance between the different cases, being at very low numbers
1414  in the low ammonium case. This is to be expected, given that their energy source is at a low
1415 concentration. In all three cases, the bottom of the biofilm is dominated by inert biomass due to the
1416 lower substrate concentrations at the bottom of the biofilm reducing growth relative to maintenance
1417  andinactivation. This is most pronounced in the low ammonium case, which has the highest proportion
1418 of inert biomass of the three cases.

1419  Given the differences in modeling approaches of the various IWA task group models, one might expect
1420 iDynoMICS 1 and iDynoMIiCS 2.0 to produce results closer to the NUFEB and CP models than to any of
1421  the other IWA task group models. Although, the NUFEB results were close, differences with CP are
1422 larger. In fact, the results from the W platform were the closest match in steady state solute
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1423 concentrations, while those from the M1 platform were the closest match for overall biomass
1424 densities. This is particularly interesting given that these are both 1-dimensional platforms utilizing the
1425  AQUASIM software rather than agent-based. It is possible that the similarity derives from a closer
1426 match in biomass distribution than with the other models due to less stochastic mixing of the biomass.
1427 However, as the biomass distributions were not published for these models, this is difficult to
1428 determine. Hotellings 1-sample T? tests were carried out to compare the areal biomass densities in
1429 iDynoMICS 2.0 to that in the IWA models. The results from iDynoMiCS 2.0 do not differ significantly
1430  from the set of results from the IWA models.

1431

100% Inert 100% Active 100% Inert 100% Active

Heterotroph  Autotroph Inert Heterotroph Autotroph

Standard Case High Ammonium
Biomass Density / g L™

Low Ammonium
B

1432 Height / pm

1433

1434  Fig S4. BM3-iD2 biomass distribution in the three cases. Left column shows the average areal density
1435 of each biomass type. Error bars show the standard deviation based on the three replicates run for
1436 each case. Right column shows an example from the final timestep of one replicate for each case.
1437  Coloring of agents shows the proportion of biomass that is active or inert.
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1440  Fig S5. BM3-iD2 solute concentrations and areal biomass densities over time in the three simulated
1441  cases. Lines of different shades of the same color represent different replicates of the simulations run
1442  with different random number seeds. Three replicates were run for each case. Results are from the
1443  simulations with the Shoving biomass spreading algorithm.
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Table S9. Steady state substrate concentrations in the various IWA task group models and in
iDynoMiCS 1 and iDynoMiCS 2.0. Results for the latter models were averaged over the stochastic
steady states. Hotelling’s T? tests were performed to compare the results from iDynoMiCS 2.0 to those
from all other models, including the IWA models, NUFEB and iDynoMiCS 1.

High ammonium Standard case Low ammonium
COoD Ammonium COoD Ammonium COoD Ammonium
CP 5.45 18.15 5.14 1.50 4.39 0.44
“ DN 5.56 20.26 5.14 1.74 4.98 0.48
(]
_é w 5.86 18.93 5.39 1.59 5.19 0.48
g M1 5.35 17.03 4.84 1.45 4.66 0.45
NUFEB 5.74 18.42 5.21 1.72 5.18 0.53
iDynoMiCS 1 6.08 18.58 5.63 1.55 5.45 0.55
iDynoMiCS 2.0 | 6.11 18.68 5.62 1.54 5.43 0.54
(Shoving)
2 Hotelling’s T? 0.0548 0.0523 0.1306
3 Test p-value
E iDynoMiCS 2.0 | 6.13 18.50 5.60 1.55 5.41 0.55
@]
= FbM
s (FoM)
s Hotelling’s T2 | 0.0431 0.0646 0.0765
= Test p-value
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Table S10. Steady state areal biomass density (mass per unit surface area) of different types of
biomass in the biofilm. The iDynoMiCS 2.0 results are from simulations using the Shoving algorithm.
Hotelling’s T? tests were performed to compare the results from iDynoMiCS 2.0 to those from the IWA
models. Biomass density was not reported on the NUFEB model benchmark, and it is thus not included
in this comparison.

Areal biomass density (g/m?)
Heterotroph Autotroph Inert
High CcpP 1.71 1.07 2.42
ammonium DN 2.92 1.10 0.98
W 1.73 1.07 2.20
M1 1.83 1.24 1.93
iDynoMiCS 2.0 | 1.76 1.24 2.00
Hotelling’s T2 0.6016
Test p-value
Standard o 1.81 0.72 2.60
Case DN 2.88 0.68 1.44
W 1.88 0.79 2.33
M1 2.02 0.83 2.15
iDynoMiCS 2.0 | 1.94 0.86 2.17
Hotelling’s T2 0.5475
Test p-value
Low CcpP 2.11 0.23 2.73
ammonium | DN 2.96 0.13 1.91
w 2.00 0.21 2.80
M1 2.14 0.21 2.65
iDynoMiCS 2.0 | 2.08 0.26 2.62
Hotelling’s T2 0.1038
Test p-value



https://doi.org/10.1101/2023.06.27.546816
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2023.06.27.546816; this version posted June 30, 2023. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is
made available under aCC-BY 4.0 International license.

1455 S1.6 Supplementary Information for “Comparing the effect of different biomass
1456  spreading mechanisms: Biofilms promote altruism case study”

1457  Table S11. Model parameters for 3D simulations of the “biofilms promote altruism” case study

Description Symbol Value Unit Reference/notes

Global timestep At 1 hour Kreft 2004

Total simulation trmax 21 day Kreft 2004

Coccoid

Agent density Py 0.1363 pg/fL Adjusted to match biofilm
density (original 0.29 pg/fl)

Division threshold Xmax 0.08 pg Chosen, 0.08 pg as this results in
approximately the same cell
volume used in BacSim

Filament

Agent density Px 0.1363 pg/fL Chosen

Division threshold Xmax 0.14 pg Chosen

Transition threshold Xtransition 0.09 pg Chosen

Spine stiffness Kspine 0.56 fN Chosen

Rod radius lrod 0.37 pum Chosen

Connecting spring stiffness Kconnect 0.2778 fN Chosen

Torsion spring stiffness Ktorsion 0.2778 fN Chosen

Detachment probability P(detach) | 0.1 Chosen

Yield strategist

Kox Kox 0.3 mg/L Kreft 2004

Vmax Vmax 0.55836 | 1/h

Biomass per reaction Yy 0.147 gX/gN Kreft 2004

Oxygen per reaction Yox -3.19565 | gOx/gN | Kreft 2004

Rate strategist

Kox Kox 0.6 mg/L Kreft 2004

Vmax Vmax 2.23344 | 1/h

Biomass per reaction Yy 0.0735 gX/gN Kreft 2004

Oxygen per reaction Yox -3.19565 | gOx/gN | Kreft 2004

Domain

Length x I 200 pm Kreft 2004

Lengthy ly 200 pum Kreft 2004

Length z l, 12.5 pum Chosen (original 2 um)

Distance between solute nodes res 25/16 pum Chosen (original 2 um)

Diffusion boundary layer | iffusion 40 pum Kreft 2004

Solutes

Initial oxygen concentration Sox_init 1 mg/L Kreft 2004

Oxygen diffusivity Dox 2.00E-05 | cm?/s Kreft 2004

Chemostat

Volume V chemostat 1 mm3 Chosen

Flowrate Qchemostat | 0-06 mm?3/h | Chosen

1458
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1459 Shoving as used in BacSim results in more open space between agents compared to mechanical
1460 relaxation as used in iDynoMiCS 2.0, which by default only resolves overlap between agents. To
1461  compensate for this effect, we have reduced agent density in iDynoMiCS 2.0 by 53%, such that overall
1462 biofilm densities remain similar. In order to compare biofilm densities, the computational domain was
1463  split into 100x100 bins. Each bin receives a number equal to the total mass of all agents with their
1464  center of gravity in the bin, division by the bin volume reveals the local biofilm density (Fig S6).

1465 For both the iDynoMIiCS 2.0 and BacSim simulations, inspection of biofilm density at different heights
1466 revealed that the majority of bin rows were not significantly different in terms of density in comparison
1467  to the total amount of filled bins. For both platforms we observed a significant drop-off of biofilm
1468  density at the top surface where bins may be partially filled and the expansion front may result in a
1469 sparser local agent population.

1470  In BacSim simulations we observe a significant biofilm density drop in the first row of bins (at the base
1471 of the biofilm). This may be a result of how the BacSim shoving algorithm resolves interactions with a
1472 hard surface in combination with less efficient sphere packing at a flat surface. No significant biofilm
1473 density drop was observed at the base of the iDynoMiCS 2.0 simulations. With both platforms,
1474  occasional small but significant peaks or drops in biofilm density (2.5 < P < 5.0) are observed in some
1475 bins. These occasional drops and peaks are likely artifacts as a result of a spatial aliasing effect between
1476  the binning resolution and local sphere packing.

1477 With both platforms, density bins, excluding bins at the biofilm extremes, follow a normal distribution.
1478  After the before mentioned agent density adjustment, no significant difference in the overall biofilm
1479  density is observed between simulations of the two platforms. The standard deviation of density bins
1480 is higher in BacSim simulations. This can be explained by the difference in agent properties, maximum
1481  agent size is kept the same in iDynoMICS 2.0, translating into a higher overall amount of agents with a
1482 lower mass, resulting in less bin-to-bin mass fluctuation.

BacSim iDynoMiCSs 2.0

1.0

0.8

0.6

r0.4

0.2

L 0.0
1483
1484  Fig S6. Comparison of agent density (pg/um?3) distributions in biofilms simulated in BacSim using the

1485  shoving algorithm vs iDynoMIiCS 2.0 using FbM. The panels correspond to Fig 5A (left) and B (right).
1486  The computational domain was split into 100x100 grid elements, each received the full mass of agents
1487  whose center of gravity was inside the grid element, division by the grid element volume gave the local
1488  biofilm density (pg/um3). iDynoMiCS 2.0 agent density was reduced by 53% in order to achieve a similar
1489  overall biofilm density. With BacSim the biofilm density at the base was observed to be significantly
1490 lower than in the rest of the biofilm. The BacSim simulations further showed a higher standard
1491  deviation amongst bins, due to the higher agent density in these simulations.
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e
1492

1493 Fig S7. Replicates of biofilms promote altruism case study simulations shown in Fig. 6.
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1494  S1.7 Model initiation
1495 Box S1. Example of a simple iDynoMIiCS 2.0 protocol file used to specify a particular model to be
1496  read and executed by the platform.

<?xml version="1.0" encoding="UTF-8"?>
<document>
<simulation name="simple_biofilm" outputfolder="../results" log="NORMAL">
<timer stepSize="3 [h]" endOfSimulation="10 [d]" />
<speciesLib>
<species name="bacterium">
<speciesModule name="coccoid" />
<aspect name="reactions" class="InstantiableList">
<list nodeLabel="reaction" entryClass="RegularReaction">
<reaction name="growth">
<expression value="mass*mumax*(carbon/(carbon+Ks))*((oxygen/(oxygen+Kox))">
<constant name="Ks" value="2.4[g/m+3]" />
<constant name="Kox" value="0.6[g/m+3]" />
<constant name="mumax" value="2.05[d-1]" />
</expression>
<stoichiometric component="mass" coefficient="1.0" />
<stoichiometric component="oxygen" coefficient="-18.0" />
<stoichiometric component="carbon" coefficient="-4.2" />
</reaction>
</list>
</aspect>
</species>
<species name="coccoid">
<aspect name="density" class="Double" value="0.15" />
<aspect name="surfaces" class="AgentSurfaces" />
<aspect name="morphology" class="String" value="coccoid" />
<aspect name="volume" class="SimpleVolumeState" />
<aspect name="radius" class="CylinderRadius" />
<aspect name="divide" class="CoccoidDivision" />
<aspect name="divisionMass" class="Double" value="0.2 [pg]" />
<aspect name="updateBody" class="UpdateBody" />
</species>
</speciesLib>
<compartment name="biofilm-compartment">
<shape class="Rectangle" resolutionCalculator="MgFASResolution" nodeSystem="true">
<dimension name="X" isCyclic="true" targetResolution="2.0" max="32.0"/>
<dimension name="Y" isCyclic="false" targetResolution="2.0" max="64.0">
<boundary extreme="1" class="FixedBoundary" layerThickness="32.0">
<solute name="carbon" concentration="1.0 [mg/]" />
<solute name="oxygen" concentration="8.74 [mg/I]" />
</boundary>
</dimension>
</shape>
<solutes>
<solute name="carbon" concentration="1.0 [mg/I]" defaultDiffusivity="2000.0 [um+2/s]" biofilmDiffusivity="1500.0 [um+2/s]" />
<solute name="oxygen" concentration="8.74 [mg/I]" defaultDiffusivity="2000.0 [um+2/s]" biofilmDiffusivity="1500.0 [um+2/s]" />
</solutes>
<spawn class="randomSpawner" domain="32.0, 1.0" priority="0" number="30" morphology="COCCOID">
<templateAgent>
<aspect name="species" class="String" value="bacterium" />
<aspect name="mass" class="Double" value="0.2" />
</templateAgent>
</spawn>
<processManagers>
<process name="agentRelax" class="AgentRelaxation" priority="0" />
<process name="PDEWrapper" class="PDEWrapper" priority="1" />
</processManagers>
</compartment>
</simulation>
</document>

1497
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1498  S1.8 Software structure

1499  Box S2. This example shows how with a few lines of code a new aspect class can be created. In this
1500 caseitis a class that calculates a coccoid radius from its volume. Because here the abstract super class
1501 “Calculated” is extended, the newly written class integrates seamlessly in the framework as
1502 initialization and data handling is handled automatically.

Import ...
/** Example of a basic calculated aspect that returns the radius of a coccoid agent in 3D */
public class SimpleCoccoidRadius extends Calculated {

public Object get( Aspectinterface agent ) {

return ExtraMath.cubeRoot( agent.getDouble( AspectRef.agentVolume ) * 0.75 / Math.Pl );
1}

1503
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S1.9 Included test scenarios
Table S12 A selection of test protocols that are included with iDynoMiCS 2.0.

Title File Description

Simple simple.xml Minimalistic protocol file testing basic functionality
with default parameters.

Chemostat chemostat.xml | A basic chemostat setup with a reaction occurring in
the environment (non-agent mediated).

Fed-batch fedbatch.xml Basic fedbatch scenario, agents grow in a non-spatial
compartment with constant “feed” increasing volume
and supplying solutes.

Sensing simple_ Basic scenario with local solute sensing, agents

sensing.xml “differentiate” when the signal surpasses a threshold
concentration.

Conditional colouring conditional_ A basic nitrifying biofilm with conditional coloring,

colouring.xml

agents receive a color gradient based on the amount
of internally stored eps.

chemostat.xml

Bacilli bacilli.xml A basic setup with 2 colonies of rod shaped agents
merging.

Plasmid spatial plasmid.xml A basic setup testing plasmid transfer in a spatial
compartment.

Plasmid chemostat plasmid_ A basic setup testing plasmid transfer in a well-mixed

environment.

Stress test

stress_test_

A large scale nitrifying biofilm used to test the limits of

7c.xml iDynoMiCS 2.0.

Benchmark 3 /BM3/ A set of model scenarios corresponding the 3 different
(6 files) ammonium concentrations as analog to the

benchmark 3 cases using FbM or shoving.

Altruism 2.5D c10_Id_fb.xml, | A set of model scenarios corresponding to those found
d10_Id_fb.xml, | in “Biofilms promote altruism” Kreft 2004, Fig 4.
el1l0_Id_fb.xml | scenarioc, d ande.

Altruism 3D /altruism 3D/ | A set of model scenarios corresponding to scenarios
(28 files) presented in Fig 6.

Reaction diffusion tests | /reaction A set of model scenarios corresponding to the reaction
diffusion/ and diffusion tests as presented in S1.3
(4 files)

Unit tests /unit-tests/ A set of protocols used for automated software and
(7 files) solver testing.
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1507 S1.10 The graphical user interface
1508
88 iDynoMiCs 2.0.230220 (developer build February 2023 - O X €8 Live render
File Interact
Open new Run! Stop [ Autoscroll
console speciesLib species bacterium
simulation species particeEPS I species AOO |  speciesinert | species producer species coccoid species NOO
spedeslb species | aspect volume | aspect divisionMass |
chemicalLib
compartment chemostat | species particleEPS
compartment biofim species partideEPS remove
Aspect add
name particleEPS
medules
speciesModule add
nodelabel speciesModule
value name
entryClass String
speciesMeodule
speciesModule remove
name coccoid
‘C:\resuhs\[\ong] 2023.01.13_13.06.24_703_AabMNob}AabMob\AchNab_00340. xml - Mechanical Relaxation: 3
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1510  Fig S8. Preview of the iDynoMIiCS 2.0 GUI during simulation. The GUI may be used to review, edit or
1511  create protocol files before running them. During the simulation, the simulation state may be viewed
1512 but no longer edited (left). The GUI can further provide useful feedback including key information
1513 such as substrate concentration, species abundance, convergence of the reaction diffusion solver,
1514  etc. through the console. Spatial compartments can be rendered directly to provide insights in agent
1515 species distribution and concentration gradients (right). Lastly the GUI can be used to extract key
1516  data from iDynoMIiCS 2.0 output files, convert between EXI and XML files and convert numbers
1517 between different unit systems including Sl and iDynoMIiCS 2.0 base units.
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1518  S1.11 Plasmid Dynamics

1519 For plasmid dynamics, two distinct processes were implemented: conjugative transfer from donor to
1520 recipient cells and loss of the plasmid due to segregation. Plasmid loss can only happen upon cell
1521 division and hence was encoded as a probability. Conjugation was considered pili-driven, with a
1522 maximum length pili can reach before they start retracting. The dynamics of transfer were
1523 incorporated based on the live cell imaging by Clarke et al. (2008) [97].

1524  From the imaging, certain aspects of F-pilus extension and retraction can be observed: During
1525 extension, the filament elongates from the base. A fully extended 4-um pilus retracts completely. F-
1526 pili on the same cell are independently regulated, with about three pili growing and retracting
1527  asynchronously. The average time required for extension and retraction of the pili informed the
1528 extension and retraction speeds of the pili used in the plasmid dynamics process manager.

1529 In the model, the conjugation process begins with pili extension, assuming pili extend in all directions
1530 from the cell surface. On encountering a recipient, the pilus tries to attach to its surface and if a pilus
1531  attaches to a recipient cell, all pili start retracting. Certain pili are capable of transferring the plasmid
1532  without pili retraction, but others transfer the plasmid only upon cell surface to surface contact, with
1533 the pilus only bringing the cells together by retracting with the recipient cell attached.

1534 Like in iDynoMICS 1, plasmid carrying cells search the neighborhood within the reach of the pilus. A
1535  difference arises in the method implemented for this search. Instead of the “scan speed” in iDynoMIiCS
1536 1, the required parameters are maximum pilus length and “transfer probability”. Using the F-pili data
1537  from live cell imaging by Clarke et al. (2008), the pilus length can be calculated for each time step of
1538  the process as a function of extension speed. The current length is used as the maximum distance for
1539 neighborhood search. The closest neighbors are prioritized by increasing the neighbor search range in
1540 increments of 0.01 um until the current pilus length is reached or a neighbor is found. As an example,
1541  with pilus length of 3.2 um, a neighborhood search will be performed 320 times with the distance
1542 searched increased from 0.01 to 3.2 in increments of 0.01 um. The search will be terminated early if a
1543 plasmid-free neighbor is found.

1544  Once a plasmid free neighbor is found, the transfer event happens instantly with a success probability
1545  given by the parameter “transfer probability”. Biologically, the transfer happens after pilus retraction
1546  and then the plasmid goes into a “cool down” period. To reduce the computational requirement for
1547 agent movements, the time for retraction of the longest pilus is added to the cool down period as a
1548  wait time between plasmid transfer attempts.
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1549  Table S13. Parameters required for the plasmid dynamics process manager in iDynoMiCS 2.0.

Parameter Definition

Transfer probability Governs the success of plasmid transfer; user must provide either one of
the parameters with the relation being:

Transfer frequency Transfer probability = frequency x number of neighbors
Loss probability Governs the success of loss event upon cell division
Pilus length Maximum length of pilus extension from donor cell surface. If plasmid

transfer is not pilus driven, this can be set to 0

Aspects to Transfer Agent aspects to change on plasmid acquisition or loss (MIC, Fitness cost,
etc.)

Cool down Rest time between plasmid transfers

Extension speed Extension speed for pilus related to this plasmid

Retraction speed Retraction speed for pilus related to this plasmid. The time for complete
retraction is added to the cool down time before the next transfer can
start

1550  Since each plasmid is a separate aspect specified in the protocol file, there can be multiple plasmids
1551  included. These will implicitly be considered compatible with each other as plasmid incompatibility is
1552 not currently implemented.

1553 Plasmid loss due to segregation is defined as an event in the code, thus requiring inclusion as an aspect
1554 in the protocol file. However, the event is triggered upon cell division only if the “loss probability”
1555 parameter is defined in the included plasmid dynamics process manager. Thus, upon cell division, the
1556 daughter cells can retain the plasmid or one can lose it at the probability defined in the protocol file.

1557 For chemostats, the transfer process is governed by the following equation to determine the number
1558  of transfers for each agent with plasmid (donor):
BR

—A
1559 R+ 1 t

1560  Where Bisthe transfer frequency, R is the number of plasmid-free agents (recipients) in the population
1561 and At is the time step size. This equation is calculated for each donor so implicitly, the rate is
1562 proportional to donor concentration. It is analogous to the infection rate in Susceptible-Infectious-
1563 Recovered compartmental epidemiological models, where recipients are considered Susceptible and
1564 plasmid transfer is analogous to the process of infection. The recipients for the plasmid are selected
1565 randomly from the whole population as a chemostat is considered well-mixed.
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S1.12 Agent density scaling for 2D simulations

Due to the virtual third dimension of 1 pm in 2D simulations, cell radii and/or lengths can differ
between 2D and 3D compartments. iDynoMiCS 2.0 can scale agent densities, such that the dimensions
of agents in 2D match what they would be in a 3D environment.

Users define an actual 3D density, psp, which is then used to calculate a scaled density in the 2D
compartment, p,p. The exact calculation depends on the shape of the agent or filament section in
question.

For spherical (coccoid) agents, the radius of a sphere is calculated based on the agent’s mass and actual

density:
;13 m
re=|— —
41 p3p
Where 7. is the radius and m the agent’s total mass. The scaled density is thus given by:
m
pap= —
re

For agents or filament elements with a rod (bacillus) shape, it is the length, rather than the radius, that
must be calculated. The 3D length of the line-segment connecting the agent’s points is given by:

m 4
l= (FE_ §an3)/an2

And the 2D scaled density is given by:

P20 = m/(mr? + 2r.l)
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1584  S1.13 Microbial IbM publications on PubMed
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1587  Fig S9. The number of publications on microbial IbM on PubMed since 1995. A simple search query
1588 on PubMed reveals a growing trend in applying IbM to microorganisms. The following query was used:
1589  “((biofilm) OR (microbial)) AND ((individual-based) OR (agent-based)) AND (model)”.
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