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Abstract

Scienti�c applications are typically developed using procedural languagessuch as C or For-
tran to gain performance, but often at the cost of reduced 
exibilit y. As software complexity
increases,this tradeo� can signi�can tly impact software maintainabilit y. Problem Solving Envi-
ronments (PSEs) addressthis issueby providing a 
exible and maintainable software framework
often with someperformancesacri�ces. We present CompuCell 3D, a multi-tiered, 
exible and
scalablePSE for morphogenesissimulations written in C++ using object-oriented design pat-
terns. We describe its modular architecture and features, including a domain-speci�c language
(DSL) for modeling morphogenesisand a graphical userinterface(GUI). Wedemonstrateits ver-
satilit y with a set of examplesimulations, and show linear performancescaling with simulation
size.

1 In tro duction

How the essentially one-dimensional information in the DNA encodes the development, or the

morphogenesis,of three dimensional multicellular organismsfrom a single-celled,fertilized zygote

is one of the main challengesof current, post-genomicbiology. One speci�c challenge is to relate

morphogenesis,a manifestation of material properties,e.g., of cell aggregatesand tissues,to changes

in the spatiotemporal expressionof speci�c genes. In particular, we would like to know how gene

products drive morphogenetic subprocessessuch as di�eren tiation into cell types (e.g., neurons,

musclecells or red blood cells), cell growth and migration, cell and tissue shape changes,signaling

amongcellsby di�usion of secretedmolecules,dynamic coupling of geneexpressionand biosynthetic

1



reactions with di�usiv e signals (i.e., reaction-di�usion processes),and secretion of extracellular

matrices.

Multicellular organisms consist of large colonies of cells with individual behavior ultimately

determined by their genome,somewhat like a large ant colony where each cell responds to local

signals about what to do and where to go, without a central controller. By treating cells using a

phenomenologicalapproach, which ignoresmuch of the detail of intracellular biochemistry, we can

reduce multiple complex biochemical interactions to a small set of behaviors such as movement,

division, death, di�eren tiation, shape changesand cell-cell communication.

Problem Solving Environments (PSEs) are software environments designedto solve a speci�c

classof problems. Merks et al. [1] listed a set of requirements for morphogenesisPSEs: they should

(1) implement the biological and physical behavior of single entities, such as cells and organs, (2)

provide the infrastructure for them to interact, and (3) o�er the tools necessaryto transparently set

up simulations, execute and visualize them, and analyze the resulting structures. Until recently,

most scienti�c software programs were written in C or Fortran to enhanceperformance. These

programs generally contain collectionsof functions or proceduresand are computationally e�cien t

becausetheir data structures correspond closelyto the hardware that manipulates them. However,

the procedural code structure of theselanguagesprevents straightforward grouping of related func-

tionalities (methodsand members), complicating extensionand maintenance. Proceduralstructures

are also inconvenient when software goalschange,sincenew requirements may enforcemaking the

samechangesto multiple related procedures. As scienti�c applications grow in complexity, main-

tainabilit y, 
exibilit y and extensibility becomemore important than raw execution speed. In this

caseobject oriented programming (OOP) can be useful. OOP employs characteristic collectionsof

objects, each of which is an independent unit encapsulating a speci�c behavior. A class de�nes

the rules that govern an object's behavior. We can think of objects as analogousto Lego blocks

that we can assemble to construct a program. Design patterns [2] are general,reusablesolutions to

commonly occurring object-oriented problems in software design. They provide a model for solv-

ing speci�c problems and make the overall implementation more 
exible, modular and ultimately
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easierto maintain. We have developed CompuCell 3D, a three-dimensional(3D) multi-scale PSE

for modeling morphogenesis,combining discrete cellular automata and continuum methods to be


exible and performance-scalable.It implements Glazier and Graner's Cellular Potts Model (CPM)

asa cellular automaton governing cell interactions, along with reaction-di�usion partial di�eren tial

equation (PDE) solvers to establishexternal chemical gradients. CompuCell 3D thus takesa cell-

centered [3] approach to morphogenesismodeling by simulating cells whosebehavioral rules and

biophysical properties the user can easily de�ne as PSE features, either by coding these features

in C++ or by writing programs in a high-level Domain Speci�c Language (DSL), Biologo. We

facilitate experiments with and testing of thesemodels by providing an interactive Graphical User

Interface (GUI), CompuCell Player.

2 CompuCell3D PSE Arc hitecture

Figure 1 shows CompuCell 3D's modular three-tiered architecture. Tier 1 comprises the core

of CompuCell 3D's simulation engine, which includes mathematical models of morphogenesisas

well as the simulation lattice. Developers typically operate at this level to enhancethe functional

capabilities of the PSE. Biologo, a DSL for morphogenesisrepresents Tier 2. Biologo enablesusers

to model problems at an abstract level, which a compiler then converts into simulation-engine

sourcecode. Tier 3 is the presentation layer and includes a visualization toolkit for cell imaging,

as well as a GUI which permits usersto con�gure and run simulations.

Each tier is self-contained and interacts with other tiers through an API. We can modify, extend

or replaceany tier without a�ecting the other tiers. This 
exibilit y simpli�es maintenance of the

PSE.

2.1 Tier 1: CompuCell3D Core

2.1.1 The Glazier-Graner Cellular Potts Mo del

Glazier and Graner's CPM is the core of the CompuCell 3D framework. It is a lattice-based

stochastic model designedto accurately simulate cell interactions and movement. It usesa lattice
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Figure 1: Architecture of CompuCell 3D.

to describe cellsand associatesan integer index with each lattice site (voxel) to identify the spatial

extent and location of each cell at any instant. The index value at a lattice site is � if the site lies in

cell � . Domains in the lattice (the collection of lattice siteswith the sameindex) represent cells. A

cell is thusa setof discretecomponents that canrearrangeto producecell shapechangesand motion.

Instead of representing the forceswhich causecells to rearrangedirectly, the CPM aggregatesthem

into an e�ectiv e energyE, the gradient of which is the force acting at any point. Becauseof these

forcesand the e�ectiv ely in�nite viscosity (no inertia) of the cellular environment, the cellsgradually

rearrangeto reducethe pattern's generalizedenergy. The e�ectiv e energycontains terms describing

cell interactions, motion under cytoskeletal 
uctuations and responseto external chemical stimuli.

Its parameters change during cell growth, death, division and di�eren tiation. We use the term

e�ectiv e energy becauseit contains terms that mimic energies(for example, the responseof a cell

to a chemotactic gradient). Equation (1) shows a typical energyE.
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E = EContact + EV olume + ESur f ace + EChemical : (1)

A modi�ed Metropolis algorithm for Monte-Carlo Boltzmann dynamics implements cell mem-

brane 
uctuations whereeach term describesa di�eren t biological mechanism. The contact energy

describesthe net adhesion/repulsionbetweentwo cell membranes. It is the product of the binding

energyper unit area,and the total area. Volume and surfaceenergyterms implement constraints on

cellular volume and surfacearea, respectively. They are quadratically proportional betweena cell's

current volume (surfacearea) and a target value, which can vary betweencell types. Chemical en-

ergy can result from cellular chemotaxistowards an external chemical gradient, or haptotaxiswhich

restricts reactions to a selectedset of cell types. [3] contains many referenceson CPM techniques.

We usethe Facade([2], 185) designpattern to implement the CPM. A Facadepattern de�nes

a common interface for unrelated objects, enabling them to interact without prior knowledge of

their internals. This simpli�es interaction with and within a complicated systemsuch as the CPM.

Potts3D usesthe Facadepattern and is our referenceimplementation of the genericCPM. Potts3D,

consistingof collectionsof objects (modules) that work together to implement speci�c functionalit y

(e.g. energy functions, acceptancefunctions). Using a standardized interface for our modules

ensuresthat we can upgrade them without a complete redesignof Potts3D.

2.1.2 Cell Structure and Di�eren tiation

In both mathematical and computational modeling, the biological cell provides a useful level of

abstraction that hidessub-cellulardetails [3]. We represent cellsusing a standard object model. We

treat the cell as an object with certain attributes (for examplecenter-of-mass,volume, and surface

area). During morphogenesis,cells di�er entiate from initial multip otent stem cells into specialized

cell types. Cell di�eren tiation from onecell type to another is a comprehensive, qualitativ e changein

cell behavior, generallyabrupt and irreversible. The State ([2], 305) designpattern allows an object

to alter its behavior when its internal state changes.We usea variation of the State designpattern

to implement cell di�eren tiation, using the Automaton module. Instead of de�ning abstractness
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for states, we de�ne abstract transitions, speci�cally abstracting functionalit y for transitioning to

a particular state. In the presenceof irreversible type changes,this designsavesPSE sizebecause

the number of required classesgrows linearly with the number of states with incoming transitions

as opposed to the number of states in general. During the simulation, whenever a cell changes

position or site we evaluate a list of possibletransitions to determine if the cell's state haschanged.

If so, we changethe cell's type. Otherwise, its state remains unchanged.

2.1.3 Lattice Represen tation

CompuCell 3D simulations run on a lattice, as in Figure 2. A simple way to represent a lattice

Figure 2: Example CPM lattice in CompuCell 3D. From [4].

is to use a 3D array. Consider a relatively small 2003 pixel lattice, with each pixel consuming

a very conservative 32 bits. In three dimensions, a naive implementation of the lattice requires

approximately 128 MB of memory. Becausecells in CompuCell 3D are collections of pixels, we

associate with every pixel a pointer to a cell object instead of storing an instance of a cell object

in every pixel. Assuming an averagecell to be a collection of 25 pixels, our lattice implementation

would useapproximately 30%of the memory required in the naive implementation. Memory savings

increasewith increasingaveragecell size.

In our implementation, we abstract the Field3D module such that the lattice implementation

can use its own data structure for representing the lattice (for example, hexagonal or square),
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which allows the Field3D module to support di�eren t typesof lattices without modifying the basic

interface. In addition, Field3D may enforce(using the Boundary module) user-de�ned boundary

conditions (for exampleNo Flux or Periodic) along each individual lattice axis. We usethe Factory

Method ([2], 107) design pattern to promote loose coupling (minimize the dependency between

objects that need to interact) between the CPM lattice and the boundary strategy. This design

pattern models an interface for creating an object, which at the time of instantiation lets its

subclasses(classderived from another class)decidewhich object to create. The boundary strategy

for each axis is subsequently input from the user, with strategies instantiated accordingly at run

time.

2.1.4 Supp orting Multiple Features

CompuCell 3D allows usersto add or remove functionalit y from a simulation. For example,a bi-

ologist may want to observe cell behavior with and without cell division. We therefore useplugins

to implement optional functionalities. A plugin object encapsulatesthe functionalit y of a speci�c

feature which is not required but should be added or removed from a simulation at the user's dis-

cretion. Plugins provide a clear structure for extending the simulation framework. Adding features

through plugins doesnot a�ect the core functionalit y of the framework, improving maintainabilit y

and 
exibilit y. Table 1 lists features available in CompuCell 3D. Some have multiple versions

targeted to speci�c applications. CompuCell 3D also includesthe standard CPM contact, surface,

and volume energyterms along with a cell-type automaton for di�eren tiation. We list �rst plugins

which operate at the �eld level of modeling (e.g. PDE solvers), then those which operate at the

cell level, controlling properties of individual cells.

2.2 Tier 2: Biologo

DSLs provide an understandable method for representing phenomena speci�c to a domain of

study using a high level of abstraction. Biologo is a DSL which extends the Extensible Markup

Language (XML) to model multiple morphogenesissubprocesses,including: cell di�eren tiation,
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volume constraints, inter-cellular adhesion, chemotaxis, haptotaxis and reaction-di�usion. Bi-

ologo inherits XML syntax and semantics using extended XML parsing libraries from Xerces

(http://xml.apache.org/xerc es- c/ ), also gaining the inherent extensibility of XML. XML pro-

vides solid structural syntax conducive to a modular-based design for the language. Biologo ex-

tensions for CompuCell 3D are implemented as XML modules which convert transparently into

dynamically-loaded C++ plugins for CompuCell 3D. We show examplesof these modules along

with analogousapplications in Section 3.

Translation of a Biologo program into the sourcecode for a CompuCell 3D plugin is a two-stage

process.The compiler front endparsesand lexically analyzesthe Biologo program, executesseveral

error-checking routines and generatesan intermediate �le containing simpler syntax, which then

passesthrough the code generator which processesand translates the intermediate �le into C++.

The intermediate syntax opens the door for future implementation of a compiler which can im-

plement machine-independent optimizations during generation of the intermediate representation,

which is uniform acrossarchitectures, unlike the C++ code which can be nonuniform. For example,

generating plugin libraries on Windows would require building DLLs, enforcing the de�nition of

speci�c macros in classheaders. Thus intermediate code saves the overhead of having to change

the code generator front end modules to suit each platform on which we deploy CompuCell 3D.

2.3 Tier 3: The CompuCellPla yer

One major task of PSEs is to supply intuitiv e GUIs and visualization tools. However, scienti�c

developers often neglect or treat as a back-burner task this area of software development. Early

versionsof CompuCell 3D lacked a GUI and outsourcedvisualization to third-part y external tools.

However, a PSE requires an easyand understandableinterface for user interaction.

To address these issueswe have developed a tool called CompuCell Player which provides

visualization servicesand a front end to CompuCell 3D. CompuCell Player enableseven novice

CompuCell 3D users to start running simulations with little overhead. It displays the current

simulation state in real time on the user's screenand saves the state in the form of graphical
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.png �les on a hard drive for further post-processing. CompuCell Player allows users to render

objects in 2D and 3D, display chemical concentrations, pressuresand cell velocity �elds, zoom-in,

zoom-out, turn on or o� cell border display, etc.

CompuCell Player is fully customizableand allows usersto con�gure cell colors and borders,

along with concentration and vector-�eld plots. Based on the XML simulation description, the

CompuCell Player choosesand enablesplots appropriate for the simulation. Another extremely

useful feature of the CompuCell Player is its abilit y to save multiple simulation views during a

singlerun, including the cell, chemical, and velocity �elds in the form of screenshots,without having

to repeat the simulation. Overheadfor this operation is negligible.

The CompuCell Player can also run in non-interactive or silent mode, which is important

when users run CompuCell 3D on clusters accessedthrough queuing systemswhich do not run

interactive jobs. In this case, users must prepare a screenshotdescription text �le which tells

the CompuCell Player which views to save. The CompuCell Player prepares the screenshot

description �le. The user simply switches views and pressesthe Camera button on those views

which should be saved. At the end of this step CompuCell Player storesa screenshotdescription

�le which can control the CompuCell Player in non-interactive mode.

Finally, from the CompuCell Player level usersare able to serialize the entire simulation to

restart it at a later time, possibly with di�eren t parameters. This particular feature makes it

possibleto equilibrate cellular patterns beforerunning a simulation, in order to begin from a more

physically relevant initial state.

3 Applications

A 
exible morphogenesisPSE should be able to represent multiple typesof simulation, organisms,

chemical �elds, reaction-di�usion PDEs, cell types,etc. We demonstrate the 
exibilit y of Compu-

Cell 3D by illustrating three biologically relevant test simulations. We will show CompuCell 3D

con�guration �le XML code for the �rst example, and provide XML for each example on the

CompuCell 3D examplespage,http://www.nd.edu/~lcls /co mpucell/ examples.ht m.
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3.1 Cell Sorting Simulation

Embryonic cells of two di�eren t types, when dissociated, randomly mixed, and reaggregatedcan

spontaneously sort to reestablish coherent homogeneoustissues. Both complete and partial cell

sorting (in which large clusters of one cell type are engulfed or surrounded by a continuous layer

of cells of the other cell type) occur in in vitro experiments using embryonic cells. Cell sorting is

a key step in regeneration of a normal animal from aggregatesof dissociated cells of adult hydra

[5] and in establishment of spatial relationships among cells during embryogenesisin all species.

Biologically, cell sorting is thought to result from adhesivity di�erences [6]. CompuCell 3D allows

researchers to study how di�eren tial cell adhesiondrives cells to produce di�eren t patterns. For

example, even cell sorting between two di�eren t initially randomly distributed cell types (Figure

3(a)) results from having one cell type stick strongly to itself, as in Figure 3(b). If cells stick most

strongly to cells of the opposite type, a checkerboard pattern forms as in Figure 3(c).

Figure 3: Starting from a randomly mixed two-cell-type aggregate(a), we arrive at di�eren t �nal

state patterns for di�eren t cell-cell adhesivity settings. (b) Cell sorting, with the more adhesive cell

type (red) clustering at the center. (c) Checkerboard pattern due to preferential adhesionbetween

cells of di�eren t types.

The XML code in Program 1 shows a CompuCell 3D con�guration �le for cell sorting. Chang-

ing the adhesivity values in the Contact plugin producesdi�eren t patterns.
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< CompuCell3D >

< Potts >
< Dimensions x="100" y="100" z="100" / >
< Steps > 500< / Steps >
< T emp erature > 5< / T emp erature >
< Flip2DimRatio > 1< / Flip2DimRatio >
< FlipNeigh b orMaxDistance > 1.75 < / FlipNeigh b orMaxDistance >

< /P otts >

< Plugin Name="Volume" >
< T argetV olume > 20< / T argetV olume >
< Lam b daV olume > 1.0 < / Lam b daV olume >

< / Plugin >

< Plugin Name="Surface" >
< T argetSurface > 16< / T argetSurface >
< Lam b daSurface > 0.5 < / Lam b daSurface >

< / Plugin >

< Plugin Name="Cel lType" >
< CellT yp e TypeName="Medium " TypeId="0" / >
< CellT yp e TypeName="Condensing" TypeId="1" / >
< CellT yp e TypeName="NonCondensing " TypeId="2" / >

< / Plugin >

< Plugin Name="Contact " >
< Energy Type1="Medium " Type2="Medium " > 0< / Energy >
< Energy Type1="NonCondensing " Type2="NonCondensing " > 14< / Energy >
< Energy Type1="Condensing" Type2="Condensing" > 2< / Energy >
< Energy Type1="NonCondensing " Type2="Condensing" > 11< / Energy >
< Energy Type1="NonCondensing " Type2="Medium " > 16< / Energy >
< Energy Type1="Condensing" Type2="Medium " > 16< / Energy >

< / Plugin >

< Plugin Name="CenterOfMass " / >

< / CompuCell3D >

Program 1: CompuCell 3D con�guration �le for cell sorting.
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3.2 Chondrogenic Condensation Simulation

We model condensationof cellsduring cartilage formation (chondrogenesis) in a growing embryonic

chicken limb following [7, 4]. We usean initially uniform distribution of cubic cellsand superimpose

a chemoattractant which we identify with TGF- � , a molecule that acts as an activator in pattern

formation.

We implement cell di�eren tiation as a Cell Type Map (CTM ), an automaton consisting of a set

of cell typesand rules for type transitions. As an example,we illustrate the CTM usedby [4] in their

avian limb-bud growth model in Biologo, employing two di�eren t types of cells: NonCondensing

and Condensing, with the latter much more adhesive than the former. A high concentration

of an activator chemical (above a threshold) stimulates a type change from NonCondensing to

Condensingand a low concentration stimulates the reverse transition, as in Figure 4. All CTMs

de�ne a Medium cell typewhich represents the ECM. Program 2(a) de�nes this CTM usingBiologo.

The useplugin tag includes the LimbChemical e�ectiv e energy, enabling accessto its inputs and

�elds using the \ . " operator. In this case,we referencethe LimbChemical.activator �eld and the

LimbChemical.Threshold. Each cell type is speci�ed and includes an up datecellt yp es module

which speci�es the condition(s) for cell di�eren tiation to this type. Program 2(b) instantiates this

CTM in the CompuCell 3D con�guration �le.

Figure 4: CTM for an avian limb simulation. A NonCondensingcell becomesCondensingwhen
exposedto an activator concentration C(x, y, z) above a threshold, and a Condensingcell becomes
NonCondensingwhen exposedto an activator concentration below a threshold.

Building on this approach, we can also use Biologo to add a CPM e�ectiv e energy term or
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< cellmo del name="Chick " >

< !-- Weinclude this plugin to access its inputs and fields. -- >
< useplugin name="LimbChemic al" / >

< !-- NonCondensing cell type (nonadhesive). -- >
< cellt yp e name="NonCondensing " >

< up datecellt yp es>
< changeif currenttype=" Condensing"

condition=" LimbChemic al.activator [ pt.x ][ pt.y ][ pt.z] less
LimbChemic al.Thr eshold" / >

< /up datecellt yp es>
< /cellt yp e>

< !-- Condensing cell type (adhesive). -- >
< cellt yp e name="Condensing" >

< up datecellt yp es>
< changeif currenttype=" NonCondensing "

condition=" LimbChemic al.activator [ pt.x ][ pt.y ][ pt.z] greater
LimbChemic al.Thr eshold" / >

< /up datecellt yp es>
< /cellt yp e>

< /cellmo del >

(a)

< !-- Plugin instantiation. -- >

< Plugin Name="Chick " / >

(b)

Program 2: (a). CTM for a chondrogeniccondensationsimulation with two cell typesCondensing
and NonCondensing. Condensing cells are more adhesive than NonCondensingcells. (b). Instan-
tiation of the avian limb CTM in the CompuCell 3D con�guration �le.

Hamiltonian to simulate haptotaxis, which in [4] dependson two superimposedchemical �elds. The

�rst represents an activator chemical, Transforming Growth Factor-beta (TGF-� ) whoserange of

activit y a di�usible inhibitor limits. TGF-� itself induces the inhibitor, generating the strip e-like

patterns observed in avian limb chondrogenesis.We populate the TGF-� using a reaction-di�usion

equation solver [8]. TGF- � stimulates cells to secretethe adhesive glycoprotein, �bronectin (the

second�eld) that locally traps cells in clusters by haptotaxis, a processknown as mesenchymal

condensation. The haptotaxis e�ectiv e energy plugin implements Equation (2) for the �bronectin

concentration C:

EChemical =
X

~x

� � (~x)C(~x; t): (2)

Biologically, only active zonecellsexposedto a high activator concentration produce�bronectin.

We can add this functionalit y through the Biologo Hamiltonian in Program 3(a). The user

speci�es the value of an activator Thresholdwhich if exceededstimulates �bronectin secretion,the

scalingfactor, � , from Equation (2), and a rate, FibroRate, of secretion. The ConcentrationFile is a
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binary �le of 
oating point valueswith x as the innermost loop, populating the activator chemical

�eld. Program 3(b) is a CompuCell 3D con�guration �le snippet which adds the customized

haptotaxis extension to a simulation, specifying all input values. The Hamiltonian step module

speci�es the rates of chemical secretion and resorption, modifying its associated Field . In this

case,we secretea quantit y FibroRate into �br onectin if the corresponding activator concentration

is above or equal to Threshold. The e�ectiv e energy Equation sums over all lattice locations pt

(prede�ned), and only Condensingcells contribute.

< Hamiltonian name="LimbChemic al" >

< !-- Inputs to be specified by the user -- >
< Input name="Thr eshold" type=" double" / >
< Input name="Mu " type=" int " / >
< Input name="Fibr oRate" type=" double" / >
< Input name="ConcentrationFile " type=" �le " / >

< !-- Superimposed chemical fields -- >
< Field name="�br onectin " type=" 
o at" / >
< Field name="activator " type=" 
o at" filename=" ConcentrationFile " / >

< !-- Cells secrete fibronectin at a user-specified rate. -- >
< !-- They are stimulated by a high activator concentration. -- >
< Step >

< secrete field=" �br onectin " location=" pt" amount="Fibr oRate"
condition=" activator [ pt.x ][ pt.y ][ pt.z] greaterequal Thr eshold"

/ >
< /Step >

< !-- CPMenergy contribution. -- >
< !-- Dependent upon fibronectin concentration. -- >
< Equation >

< pixelsum exp="Mu*�br onectin [ pt.x ][ pt.y ][ pt.z]"
condition=" cell.type equal 'Condensing' " / >

< /Equation >

< /Hamiltonian >

(a)

< !-- Plugin instantiation. -- >
< !-- Input values specified here. -- >
< Plugin Name="LimbChemic al" >

< Threshold > 0.7 < /Threshold >
< Mu > -10< /Mu >
< FibroRate > 0.01</FibroRate >
< Concen trationFile >

bnewSys12371x31x281.dat
< /Concen trationFile >

< /Plugin >

(b)

Program 3: (a). LimbChemical e�ectiv e energy or Hamiltonian for the avian limb-bud growth
simulation. The e�ectiv eenergyis associated with two chemical �elds: activator (populated through
a ConcentrationFile) and �br onectin (populated by cell secretionand resorption) superimposedon
the CPM lattice. (b). Sample instantiation of the Biologo-generatedLimbChemical plugin in a
CompuCell 3D con�guration �le. The �le bnewSys12371x31x281.datpopulates activator.

The e�ectiv e energy includes cell-cell adhesion,volume and surfacearea constraints and hap-

totaxis from Biologo Program 3. CompuCell 3D can also simulate chicken limb formation on an

irregular domain, or on a growing regular domain. We show the results of this latter simulation in

Figure 5.
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Figure 5: Avian limb development, visualizing only Condensing cells for clarity. The limb forms
at the center of a 3D box of cells, and the limb is surrounded by mostly NonCondensingcells.
Formation begins with the humerus after 2300 MCS, followed by the radius and ulna after 3250
MCS and �nally digits after 4250 MCS. This agreeswith the results of [4]. XML code for this
examplecan also be found on the CompuCell 3D examplespage.

3.3 Simulating In Vitr o Capillary Dev elopmen t

Merks et al. [9] developedan in silico model of the widely usedhuman umbilical vascularendothelial

cells (HUVEC) in vitro assay for blood vesselgrowth (angiogenesis). During the �rst steps of

embryonic vascular development, endothelial cells (ECs, the cells lining the inner walls of blood

vessels),organize into polygonal patterns of cell cords. Existing vesselssubsequently sprout and

split, forming new blood vesselsand remodeling the initial vascular network. They assumedthat

ECs: i) secretea morphogen which the ECM inactivates, ii) preferentially extend �lop odia up

morphogengradients, and iii) elongatein responseto angiogenicgrowth factors.

Biologo usespartial di�eren tial equations(PDEs) to model the reaction and di�usion of secreted,

di�usible and nondi�usible molecules[8]. Such cellular models typically represent cells' production

of and responsesto di�using moleculesas a set of PDEs. Li et al. [10] demonstrated convergence

and stabilit y of the �nite di�erence method for solving reaction-di�usion equations. A user can

write a set of PDEs in Biologo to generatea 2D �nite-di�erence solver plugin which a CompuCell3D
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con�guration �le referencecan subsequently dynamically load, populating an associated chemical

�eld for useby other CompuCell 3D plugins (e.g. for chemotaxis or haptotaxis). For example,we

modeled in vitro capillary development, duplicating the results of the model of [9], using a version

of the Gamba-Serini PDE model [11] to simulate reaction-di�usion of the chemoattractant, c in

Equation (3).

@c
@t

= �� � x ;0 � (1 � � � x ;0)�c + Dr 2c; (3)

where � is the rate at which cells secretethe chemoattractant and � is the rate of chemoattractant

resorption in ECM, D is the di�usion constant of the chemoattractant in both cells and ECM,

and � � x ;0 is 1 for cells and 0 for the medium. Hence c di�uses and decays in the extracellular

matrix. This equation models di�usion and break-down of a chemoattractant and thus does not

autonomouslydrivecell patterning. Patterns form due to closeinterplay betweencell migration and

chemoattractant secretion and decay. Program 4(a) shows this vasculogenesismodel in Biologo.

Di�Eq tags represent each PDE, and each tag evolves one �eld with time. An equation speci�es

each unique term separately. Kronecker is equivalent to � (� (x; y; z); 0) which is 1 if point (x,y,z)

corresponds to a medium point and 0 if (x,y,z) lies in a biological cell; Laplacian computes the

Laplacian of the passed�eld. Each solver prede�nes user inputs for the time step and number of

stepsin the �nite-di�erence algorithm. Theseparameters,along with � , � and D are instantiated in

the CompuCell 3D con�guration �le asshown in Program 4(b), which shows alsothe instantiation

of a Chemotaxisplugin using the �eld c from the GambaSerini PDE solver. Numbersof PDE steps

per CPM step, the timestep and the spacestepfor the �nite-di�erence method are also speci�ed.

Alternativ ely, for more complete 3D PDE solving abilit y it is possibleto embed Python code

and use FiPy (http://www.ctcms.nist.gov/f ipy / ) calls within Biologo between Python tags.

We can use sourceand transient di�usion terms from the FiPy libraries to set up the equivalent

version of Gamba-Serini PDEs in Program 5. Once again, we can referencekronecker . Note

this also provides the abilit y to discretize multiple �elds di�eren tly in time by passing di�eren t

dt values to solve() . EmbeddedFiPy o�ers a tradeo� in representativ e power for performance,
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< !-- This program generates a PDEsolver using the finite
difference method. -- >
< PDESolv er name="GambaSerini " >

< !-- User-defined inputs. -- >
< Input name="alpha" type=" 
o at" / >
< Input name="epsilon" type=" 
o at" / >
< Input name="Di�Const " type=" 
o at" / >

< !-- Field to evolve. -- >
< Field name="c" type=" 
o at" / >

< !-- PDEdescription. -- >
< Di�Eq fieldname=" c" >

< T erm exp="( 1-Kr onecker) *alpha - epsilon*c*Kr onecker
+ Di�Const*L aplacian (c)"

condition=" true " / >
< /Di�Eq >

< /PDESolv er >

(a)

< !-- Newplugin instantiation. -- >
< Plugin name="GambaSerini " >

< Step > 20 < /Step >
< DT > .2 < /DT >
< D X > 1 < /D X >
< alpha > 0.01 < /alpha >
< epsilon > 0.05 < /epsilon >
< Di�Const > 1 < /Di�Const >

< /Plugin >

< !-- Instantiating Chemotaxis. -- >
< Plugin name="Chemotaxis" >

< Lam b da > 2000 < /Lam b da >
< ChemicalField name="GambaSerini " >

c
< /ChemicalField >

< /Plugin >

(b)

Program 4: (a) CPM-PDE hybrid model of angiogenesis[9], derived from the Gamba and Serini
PDEs [11], implemented in Biologo as an evolver of chemical �elds. (b) Instantiation of this solver
in the CompuCell 3D con�guration �le. The CompuCell 3D Chemotaxis plugin also accepts
ChemotaxisByT yp e tags with attributes for cell type and associated Lambda values, providing
control over which cell typeschemotact and the strength of chemotaxis.

yielding roughly a six-fold performanceslowdown versusBiologo's generatedC++.

Figure 6 shows a CompuCell 3D version of this in vitro capillary development model. A

surface tension 
 = JCell ;M edium � JCell ;Cell=2 determineswhether cellscohere(
 > 0) or dissociate

(
 < 0). In part (a) we include a cell length constraint which causescells to elongate,elongation

being represented by an extra term in the CPM Hamiltonian quadratically proportional to the

deviation betweena cell's current and target length L. In this �gure L is 30 resulting in a connected

network with thinner chords. We also implemented a connectivity constraint as in [9] to preserve

local connectivity of cells,and remove cell adhesionby setting JCell ;Cell = 60 and JCell ;M edium = 30,

yielding 
 = 0. As long as elongation is present, the HUVEC form networks even in the absenceof

adhesion. In part (b) we show the chemical �eld from Equation (3) addedthrough Biologo Program

4(a), now recognizedand visualized through the Player, along with superimposedcell boundaries.

Finally, in part (c) we enforcerounded cells (L = 10) and show that a network doesnot form due

to the lack of cell stretching, in accordancewith the results of Merks et al. [9]
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< PDESolv er name="GambaSerini " >

< !-- User-defined inputs. -- >
< Input name="alpha" type=" 
o at" / >
< Input name="epsilon" type=" 
o at" / >
< Input name="Di�Const " type=" 
o at" / >

< !-- Field to evolve. -- >
< Field name="c" type=" 
o at" / >

< !-- PDEdescription. -- >
< Python >

diffterm = ExplicitDiffusionTerm( coeff = DiffConst)
secretion = alpha*(1-kronecker)
resorption = ImplicitSourceTerm(coef f = epsilon*kronecker)
eq = TransientTerm() == secretion - resorption + diffterm
eq.solve(c, dt=dt)

< / Python >

< /PDESolv er >

Program 5: Biologo representation of the same PDE model as Program 4(a) using embedded
FiPy.

4 Performance

We now investigate how CompuCell 3D performancescaleswith cell density and lattice size (in

voxels) for a cell-sorting simulation run for 500MCS. Figure 7(a) useda constant 50x50x50lattice

size,while Figure 7(b) useda constant cell density of 27%. Testsran on an HP xw4100workstation

with an Intel Pentium IV 3.2 GHz processorand 1 GB of memory. The HP workstation ran Red

Hat Linux 9.0, kernel 2.4.21. The C++ compiler was g++ version 3.2.3. As we would expect,

execution time scaleslinearly with lattice size at constant density. In the future we will attempt

to improve scaling with cell density by recognizing sparseareas of the lattice with the help of

sophisticateddata structures to keeptrack of cellular positions and avoid neutral or ine�ectiv e 
ip

attempts, or by implementing the Random Walker Algorithm [12] which restricts 
ip attempts to

boundary lattice locations.

In our next releaseand upgrade of CompuCell 3D, we will a layer to the PSE which will

implement Python scripting as another option for user interaction. This layer will balance in-

teractive power with abstraction level, as the interface will be more complex than Biologo but

a larger set of behaviors will be modi�able. With this layer interactively extensible simulations

will be possible. We will wrap C++ libraries from CompuCell 3D with SWIG, a useful tool for

converting C++ functionalit y into importable Python modules, and group importable modules
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Figure 6: (a) Output of in vitro capillary development with elongatedcells (L = 30) in the absence
of cell adhesion,showing the capillary networks found in [9]. (b) Chemical concentration from the
samesimulation as (a), visualizing the �eld added through Biologo. (c) Vascular islands forming
due to the enforcement of rounded cells (L = 10). XML code for this simulation is available on the
CompuCell 3D examplespage.

into packagesthat the user can subsequently import as high-level functions which invoke back-end

functionalit y. A prototype version is currently available on the CompuCell 3D downloads page,

http://www.nd.edu/~lcls/ compucel l/d ownloads.ht m. We are also planning to incorporate a

parallel CPM implementation into the PSE using domain decomposition to accommodate larger

simulations, and to make a Windows-compatible binary available.

5 Summary

CompuCell 3D meetsour initial goals for a cell-oriented, developmental biology PSE. Our useof

designpatterns makesour design 
exible , and scalable, with performancelinearly dependent upon

lattice size. We bene�ted from design patterns [2], making a 
exible and maintainable PSE. For

example, we used a variation of the State pattern in our implementation of cell di�eren tiation,

abstracting Transitions to reducePSE size in the presenceof nondestination cell types. We have

implemented a memory-e�cien t and extensible lattice representation with designpatterns, and a


exible CPM implementation which we hide from the rest of the designarchitecture to minimize

dependencies.We have abstracted individual components of the CPM (e.g. e�ectiv e energyterms)

to simplify model modi�cation and upgrading. To support multiple features and allow the user
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Figure 7: Comparisons of wall clock execution time versus cell density (constant lattice size of
50x50x50voxels), and lattice size (constant cell density of 27%). We ran �v e simulations for each
test, and show the mean execution time along with error bars for mean deviation.

to easily add and remove features, we consolidatedall functionalit y of speci�c features into plugin

objects, providing a structure for framework extension. Our PSE is alsoextensibleand controllable

at the user's level through a high-level, domain-speci�c languageBiologo and interactively through

the CompuCell Player.

Our three biologically relevant simulation examplesinclude signi�cantly di�eren t morphogenetic

subprocesses,demonstrating the 
exibilit y of the CompuCell 3D framework. For example, each

requires di�eren t cell types,behaviors and rules for di�eren tiation; somerequire reaction-di�usion

PDEs to model external chemicals;all involved intercellular adhesionbut only someinvolve chemo-

taxis.
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Table 1: SelectedCompuCell 3D plugins. We group plugins into two sets: a higher-level set

operateson chemical �elds (listed �rst), and a lower-level set which implements cell properties and

behaviors.

Name Function

AdvectionDi�usionSolver Solvesan advection-di�usion equation on a cell �eld.

FlexibleDi�usionSolv er A customizablesolver of di�usion equations,which also allows

secretion and absorption and restriction of di�usion by cell

type. Allows variable spacestep, time step, di�usion constants,

secretionrates and number of �elds.

BoundaryPenalty Enforcesan energy penalty if a cell is closeto a boundary, to

prevent cells spreadingon domain boundaries.

CellBoundaryTracker Provides locations of cell boundary voxels.

CellVelocity Tracks cell speeds.

CenterOfMass Tracks cell centers of mass.

Chemotaxis Implements cell chemotaxis to an external chemical �eld, with

forcesproportional to chemical gradients.

ExternalPotential Imposesa directed potential, or force, on cells.

Growth Implements a cell density-dependent algorithm for domain

growth, described in [4]. The lattice will maintain its current

dimensionsuntil cell density reachesa user-speci�ed threshold,

then will grow in positive z by a user-speci�ed amount.

LengthConstraint Implements anisotropic cells.

Mitosis Implements cell division.

SimpleClock Implements an internal timer for cells. Provides the abilit y to

start a timer and decrement until its hits zero.

Viscosity Implements cell viscosity (useful in 
uid 
o w simulations).
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