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Abstract

The cellular slime moldDictyostelium discoideuymormally living in
the soil as unicellular amoebae are known to aggregate imigating slug
as conditions become harsh. The center of attraction whicther amoe-
bae are drawn to during this process consist of a few celldisgmout cyclic
signals of AMP. We here present simulation results basedhemiodel of
cellular slime mold development by Savill and Hogeweg [1iene we have
investigated the effect of having multiple regions withaytcling pre-stalk
cells in a small area. We nd a strong tendency for the develept of sev-
eral clearly separated slime molds, each smaller in size izt would
have been the case if all cells came together into one sifigie mold.
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1 Introduction

The amoeboid cellular slime moictyostelium discoideumandergoes a devel-
opmental program in response to starvation whereby indalidmoebae aggre-
gate to form a differentiated multicellular fruiting bodidow cells in a natural
population transition from independent solitary huntersnembers of a collec-
tive with strictly de ned roles in a multicellular organisremains a puzzle for
complex systems and biology (see Goldbeter [2] for a revid}his article we
simulate the transition from the solitary to the multiciluslug form using the
model of Savill and Hogeweg [1]. The model is based on an siberof the cel-
lular Potts model, previously used to simulate a numberabigical phenomena
including e.qg. differential adhesion [3].

In its solitary form Dictyosteluim lives in the soil preyingoon bacteria [4].
When food becomes scarce, cells aggregate on the soil suftam a slug, then
migrate as a slug to a suitable location and form a fruitindyod he substantial
differentiation of the solitary cells into a multicellularganism with behaviors
unique to itself has become a model for the study of developraed the ori-
gins of multicellularity (reviewed by Weijer [5]). The moldee use here seeks to
reproduce the basic characteristics of this multicellb&ravior, namely aggrega-
tion into streams, mound formation, slug migration, and $@iting during these
processes in terms of three basic behaviors: (i) oscilfagensitivity to and se-
cretion of chemoattractant, (i) chemotaxis towards tffglible chemoattractant,
and (iii) differential cell-cell adhesions [1]. Molecularechanisms for these basic
behaviors have been elucidated in the laboratory. Cellthsgize cyclic adeno-
sine monophosphate (CAMP) in response to nutrient strgssTBis molecule
serves as the diffusible chemoattractant in Dictyostelaggregations [7]. The
oscillatory secretion of cCAMP results from feedback betwextracellular cAMP
triggering intracellular cAMP production and intracedulcAMP inhibiting its
own production. Because synthesis occurs on a time delajeduback results in
oscillations between secretory and refractory periodsAd8fitionally, sensitivity
to extracellular cAMP follows a similar pattern so that sedinly move towards
incoming cAMP wavefronts and do not follow passing waves {3iemotaxis in
amoeboid cells occurs by stabilizing actin-based cytapiagprotrusions in the
direction of chemoattractant. Dictyostelium amoebae berstably polarized in
response to CAMP and continue to migrate in the direction €AN&s rst sensed
for a short time after the initial wavefront of the chemaoadtant passes [10].

Cell-cell adhesions are known to play a critical role in nodlular devel-
opment. InDictyostelium differential adhesion strengths between cell types are
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thought to play a role in cell sorting. As an individual celkes on a develop-
mental fate (either pre-stalk or pre-spore), it begins ab@late gene expression
program with expression of distinct cell surface proteiepehding on which fate
it adopts. Thus, an empirical mechanism has been deschbédan account for
differential cell-cell adhesion. The various moleculataile of these biochemical
processes are reviewed by Coates and Harwood [11].

2 Model

The model is based on the work of Savill and Hogeweg [1] witly ominor mod-

i cations. It is a combined Cellular Automata (CA) and Paltifferential Equa-
tion (PDE) model in which the biological cells (hencefortimply referred to as
"cells”) consist of a number of cellular automata cells (@iito avoid any con-
fusion, will be called "sites” in the reminder of this ar&gl The cells are of three
different kinds: pre-spore, pre-stalk, and autocycling-gtalk, reminiscent of
the way that biologicaDictyostelium discoideuramoebae organize themselves.
In the model, the sites that make up the cells are placed orea thmensional
grid, and each site remembers which cell it currently besaiog As it is a cellu-
lar automata model, there aren't technically speaking anying objects in the
simulation, only stationary sites capable of changingrthesperties. The result
however, once the whole cell movement machinery is in pladépe that CA
sites are updated in a way such that the visual appearante slystem is that
of cells moving around in the simulation region. It therefeeems well justi ed
to talk about the cells as consisting of moving CA sites. Tlanadvantage of
modeling the cells this way, as opposed to simply having eadiconsisting of
one big in exible part, is that the cells are now able to snipslide past each
other. Another advantage is of course that having the celsslattice, as opposed
to having them in a continuous space, allows for relativast simulations.

The two main parts that constitute the model are (i) The ceNement (de-
rived from the movement of the individual sites), and (ii) Asdription of the
cAMP concentration in the cells, and of how the cCAMP is tramgd between the
cells. Starting with the former, cell movement is perfornusihg a Monte Carlo
(MC) algorithm, where an energy term is associated with eatlh Through the
MC steps, cells are likely to organize themselves into lewrgy conformations,
and by choosing the energy functions properly, realistukiog cell motion can
be obtained. Following Savill and Hogeweg [1], we de ne timergy function of



acell,i, as
X

x 'J site, neighbor 2
Hi = 'Jsite, art T + (Vi V) : (1)

The rstsumin (1) goes over all pairs of neighboring CA sisegh that one of the
sites belongs to ceilland the other one is empty (i.e. of type "airdy. ., denotes
the energy contribution that the cell gets from each of itsssbeing in contact
with the air. The second sum similarly goes over all neighigpsites where the
rst site belongs to cell, and where the second site belongs to any other cell (of
the same or of different type). In this case, the energy tefm.,,..iS divided by a
factor of2 since half the interaction energy is de ned to go into cedind the other
half into the neighboring cell. For each site, the neighborhconsidered in the
simulations is de ned to be th26 closest neighboring sites in three dimensions.
The third term in (1) is a constraint on the volume of the cefiforced by the
Lagrange multiplyer, . v; is the current volume of cell, de ned as the total
number of CA sites that belong to cellV is a target volume, set to be the same
for all cells in the simulation. From the form of the volumenstraint it should
be easily seen that any deviation from the target volumdtsesua penalty for
celli in form of higher energy. By tuning the parameter, we effectively control
the elasticity of the cells. As is increased, the cells get less and less inclined to
change their volumes away from the target value, wheredslomt -values it is
mostly the interaction energy terms in (1) that affect thHeroetion.

The energy of the system is used to control the motion of tiis tewvards
a state with as low total energy as possible. This is achidwexligh a Monte
Carlo simulation using the Metropolis algorithm. To staithwa sample move is
made by picking a random sita, in the whole simulation region, and with some
probability, p, copying the state of that site into one of its neighbor siBesas
depicted in gure 1. Note that botA andB can either belong to a cell, or can be

empty.
The probabilityp, of keeping the new state of the CA is given by,
(
e T if H>0
= 2
P 1 otherwise @

where H = Haer HbeforelS the change in total energy that the copying proce-
dure would result in if carried out, andis a temperature parameter.

Initially, all cells are modeled as three dimensional bafesize4 4 4CA
sites. The cells are placed on top of a substrate layer dongse a one site thick
layer of CA sites as depicted in gure 2.
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Figure 1: Movement of a cell is accomplished by picking ongsodites at random
and copying the state of that site into a neighboring siter the copying a 6-

neighbor neighborhood is used in three dimensions (as epgoshe 26-neighbor
neighborhood used for the energy calculations). The Met®plgorithm is then

used to determine whether or not the new state is kept.

Figure 2: Start con guration: The red cells in the center e autocycling pre-
stalk cells. Pre-spore and pre-stalk cells are colorechgaad yellow respectively.
Each cellinitially consists o4 4 4 CA sites. The blue CA sites are part of the
substrate layer in the bottom of the simulation region.



The second part of the model describes the cCAMP concentratithe sites
and is modeled as in [1]:

@c _

gt = Dr% f(o r (3)
r — -

Gt = ©@Cke b or) 4)

The variableg, is the concentration of cCAMP, anddenotes the so called refrac-
toriness [1].D is a variable determining the diffusion rate in the systkrandb
are model parameters. It can be noted thabthariable alone determines the rate
of change of if candr are bothO. Through the coupled differential equations,
bthen in turn determines the productionmfThe difference between the autocy-
cling and the non-autocycling cells is tHais set to zero for the latter, meaning
no production of CAMP in these cells unless triggered by aligifrom the autocy-
cling cells.f and are functions of the-concentration and are shown in gure 3.
Their analytical forms are:

8 8
2 1 ifc<cy 2Cic ifc<c
(c) = S 2 ifcg, c<ecy f(c)= > Cxc+a ifcg c<c (5)
3 Ifc c "Ci(c 1) if, c

wherecy; G; 1; 2; 3;Cy1; Cy; Cs anda are parameters.

The equations (3, 4) are solved numerically using a grid ekeach grid point
corresponds exactly to one CA site. The diffusion operataiiscretized by stan-
dard procedure:

r ZCi'j'k - Gi+1jik TG Lk + G +1:k + Gij 1k + Gijk +1 + Gijk 1 6Ci;j;k (6)
W) h2
Zero- ux (Mon Neumann) boundary conditions are implemeng all cell-air
boundaries, at the substrate-air boundary, and at the tsoodeéhe simulation
region. Numerically this is achieved by setting the diszest derivatives ot
equal toO for these grid points.

With the cAMP concentrations determined by equations (§p}pthe result-
ing dynamics (for some carefully chosen parameter valgdbat pulses of CAMP
are being sent out from the autocycling cells in the centdrteansported through
the whole system by the other cells, see gure 4.

In order for the cAMP concentration to in uence cell moverhem extra term
is added to the energy differenceH , in the Monte Carlo probability in (2),

H=H after H before (CB (t) Ca (t)) (CA (t) Ca (t dt)) , (7)
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Figure 3: The gure shows the two functiorigc) and (c) used to control the
CcAMP concentration in the cells. The parameter values useel &re those to be

presented in table 1.

Figure 4: lllustration of how waves of CAMP are sent out frdme fautocycling

cells in the center. The waves are then transported acressrtiulation region
from one cell to another. In these plots, the yellow and blolers denote high

and low c-values respectively.



where, as beford is the site that is being copied aBdis the site that the state of
A is being copied into. With this new de nition of H, if the cAMP concentration
in B is larger than im, H is reduced, meaning that it becomes more likely for
the sample move to be accepted, with the parametgtermining exactly how
much more. This results in cell movement towards the cCAMR@au The -
function ensures that the extra energy contribution is @awlged at times when
the CAMP concentration is increasing in a site, i.e. at timmken the cAMP wave
moves in towards sitd. By this de nition, the cells will only react to the wave
when struck by it. They will not try to follow the wave as it g&s them by on its
journey towards the far ends of the simulation region. Thg th& mechanism
is implemented deviates somewhat from that of referenceard [12]. In [1],
the -function is replaced by a rule that each cell only moves foedain time,
equal to the time it takes for the wave to pass, whereas in {fi€lells only move
if the CAMP concentration exceeds some threshold. The hirtydementation
of a rule that allows movement towards the cAMP source howssems not to
in uence the nal outcome in any signi cant way.

The role of the substrate layer in the bottom of the simutategion, see g-
ure 2, is to allow cAMP to diffuse between cells that aren'ygibally touching.
Since there are no cells inside the substrate layer, onlgiithesion term in equa-
tion (3) is considered for these sites. The position of thes@iés in the substrate
layer are xed, and not subject to movement in the Monte Catéps. The air
sites are modeled as completely empty, and no diffusionawti@n takes place
in these sites. To simplify movement towards the autocygatiells, an extra rule
is used not originally incorporated in [1]: If the state ofieesbelonging to one
of the cells in contact with the substrate layer, is beingednto an empty site
(which by de nition has no cAMP concentration,= 0), (3) is modi ed by re-
placingcg (t) with the c-value in the substrate layer directly below Bitdf either
A or B are empty and not in contact with the substrate layer, tha extergy term
introduced in (7) is removed.

The chemical concentration in each cell is updated usinglsta Euler inte-
gration, with time steplt. After this, there is on average one sample MC move
for each site in the simulation region, the sites being glad@mpletely randomly.
Thereatfter the whole procedure with chemical reactiorigjsion and cell move-
ment is continuously repeated.



3 Results

As an initial test of implementation accuracy, a simulatadrthe same type as
in [1] have been performed. The setup whautocycling pre-stalk cells in the
center, with the pre-spore and pre-stalk cells around it2)g As the autocycling
cells send out the cAMP waves, the other cells move in towtels. When there
is no space left for the non-autocycling cells to move, thayt $o take up some of
the space originally occupied by the autocycling cellssTarces the autocycling
cells to move in the only empty direction, i.e. upwards, whigads to the onset
of mound formation. As the autocycling cells move upwarts,dther cells keep
following the cAMP gradient and push the autocycling cellglier and further
up in the air.

To the best of our understanding, it is not exactly known wtaises the
mound to fall over and form the slug in real life, so in the mipttgs is modeled
by adding a bias term in the negative z, positive y direct@m(¥):

H°= H+ za ((zzs za)+(Ya VYB)): (8)

Here, for instancez, denotes the-coordinate of sitéA (the site being copied).
The initial z4 -term makes the copying bias height dependent, which ghestatl
of the mound a very realistic appearance, and which presloelés that are on the
ground level from starting to move due to this arti cial gigvterm.  H%from
(8) is used instead of H in (2) as soon as the maximum height of any part of the
mound exceeds a certain theresholgly.

Figure 5 shows a sequence of pictures depicting the developof the slime
mold, starting from single celled organisms, grouping tbhgeto form the mound,
and nally falling over and forming a crawling slug. Featsreuch as stream
formation and cell sorting discussed in [1] are also seehismimplementation:
The yellow pre-stalk cells migrate up to the front of the shapich is precisely
what they do for cellular slime molds in real life too. The @aeters used in this
simulation are presented in table 1.

Once having established that the computer program works si®ould, we
wanted to test what would happen if two separated autogyasnters were
placed in opposite ends of the simulation region. We had @by plausible
hypotheses of what would happen; either the two autocycéggns would come
together, resulting in the formation of one giant mound var separate mounds
would start to form. Figure 6 shows the setup, and the nalite§ he very clear
result of this experiment turned out to be that the latterdtlyesis was the correct
one.



Figure 5: A. Initially, four autocycling pre-stalk cells are placedtime center
(red) with pre-spore (green) and pre-stalk (yellow) celtsuad them. The cells
are initialized as boxes af 4 4 CA sites, but quickly round up and group
together due to the high energy cost associated with aelleaindaries, and also
due to the volume constrairB. The gure shows the simulation region seen from
above. The cells form streams originating from the autangotells. C. As the
non-autocycling cells are attracted towards the autocgakells, the autocycling
cells are forced to move in the only empty direction, i.e. ams, and the mound
starts to form.D. As the autocycling cells move upwards, the other cellofall
Pre-stalk and pre-spore cells have here organized theessalw distinct regions.
When the mound has reached a certain height, a "gravitdtitorae is applied,
directed down to the righ&. The mound starts to fall oveF. When the autocy-
cling cells are down on the ground again, the slug has beemeldand gravity is
turned off. The non-autocycling cells are attracted towdhe autocycling cells,
which pushes the slug forward on the ground. A large part efpite-stalk cells
(yellow) have moved up to the front of the slug, just like wirig slime molds.

10



Table 1: Parameters used in the simulations.

Parameter Value || Parameter Value
Total number of sites 15¢° 400
Total number of cells 844 Bautocycling 200
Fraction of pre-spore cells 80% 5:0
Numerical integration timestegt | 0.01 \% 68
Diffusion equation grid spacingy, | 0.37 Jautocycling, autocycling| 3:0
Jautocycling, air 7.0 Jautocycling, substrate 7.0
Jautocycling, prestalk 6:0 Jautocycling, prespore 9:0
Jprestalk, prestalk 5.0 Jprestalk, air 7.0
Jprestalk, substrate 7.0 Jprestalk, prespore 8:0
Jprespore, prespore 7.0 Jprespore, air 8.0
Jprespore, substrate 8:0 Jair, substrate 0:0
Ci 200 C, 3.0
C; 15.0 a 0:15
G 0:0065| ¢ 0.841
D 1.0 1 0.5

2 0:0589 3 0.5
k 35 T 2.0
hyraviy 75 0.5

Figure 6: left: Setup with two well separated autocycling cell regions with
cells in each, with a simulation box of siz®C sites, and with375 cells (all
other parameter values as in table fight: The resulting mound formation. It
is clearly seen that two well separated mounds form, witly anffew indecisive
cells in between.
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To test whether the distance between the autocycling ceatkscts the qual-
itative outcome of the experiment, the autocycling cellsew@oved closer to-
gether as shown in gure 7. The result did not change.

Figure 7: In this simulation, the autocycling cells are t&tdrcloser together than
in gure 6. For clarity, these photos have been taken fromighdlly different
angle than in the previous gures.

Starting instead with two regions of autocycling cells velgse together, the
typical resultis that of gure 8, were the autocycling celesem to repel each other.
The explanation for this behavior is that non-autocycliatjscare able to move in
between the autocycling regions and then push them aparegsate alternately
attracted to each of the regions. This results in that moreawdocycling cells
can come in between the autocycling cells, pushing them fewvdrer apart.

Figure 8: With the autocycling regions close together, ¢hiego-headed slime
molds typically emerge. It is not clear whether this type r@fature exists in real
life or not.

As the two autocycling regions are moved so close togetlagrttiey are in
contact, no other cells are able to get between them and pastapart, resulting
in that only one mound is formed, see gure 9.
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Figure 9: With the two autocycling regions starting out iredt contact with each
other, only one large slime mold is formed.

4 Conclusions and Future Work

The cellular slime mold model developed by Savill and Hoggylg was imple-
mented and their results were shown to be reproducible. Todehwas then
used to test the effect of having multiple autocycling regiin close proximity,
showing that as long as the regions are not very close togetygarate mounds
are formed. The size of these mounds will inevitably be senalan if all cells
were to come together to form only one mound. If larger slin@ds have an
evolutionary advantage - due to for instance a capabilitpéwe faster in search
of food, or some other mechanism giving them greater surpinabability - hav-
ing multiple autocycling regions would be disadvantageolisis indicates that
theDictyostelium discoideummoebae must have a well-functioning way of con-
trolling that not too many cells start to send out CAMP at ths time.
Directions for future work includes allowing a broader ramaf b-values in
the model, not just the binary on/off values used here. On#dcalso extend
the model with an explicit representation of food (and hefoosl shortage) for
the amoebae, thereby eliminating the necessity to by hasafgvhich cells are
going to be autocycling and which cells aren't. The modellddben also be
extended to include heterogeneous cells with slightlyed#iht parameters, such
as adhesion energies, preferred cell sizes and abilitiesaid to and follow the
cAMP gradient. This, in combination with evolution of parater values over
successive runs with user-de ned selection criteria, @alllow for cell-cell com-
petition within single slugs. Some very interesting théioed work has recently
been done concerning cheating mutan@ictyosteliumevolution [13]. These are
cells with some mutation making them less likely to go inte sitalk and thereby
sacri cing themselves for the survival of the populationaag/hole. These cells
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are interesting to study as they have somewhat of an evohryadvantage com-
pared to the altruistic cells, and the model could be exténalallow for variation
in the preferred time a cell waits while starving until itris$asto send out the cCAMP
waves. As this time is likely to be connected to the cell cyitlenight be so that
slow cycling cells are also reproducing at a slower rate engblitary phase. So
besides the obvious disadvantage of cycling too fast (amekkly ending up as a
stalk cell, resulting in certain death without any posgipibr reproduction) there
would also be an evolutionary disadvantage of cycling towsl

Worth mentioning here is also the work of Maree and Hogewdg, fhere
the present model is continued to cover formation of a staipserting a fruiting
body. Their model does not start from a slug, instead the ea# initialized in
a con guration designed to facilitate the desired outcoenodel able to cover
all stages oMDictyostelium discoideuravolution would de nitely be desirable.
Also, the arti cial gravity term introduced in this artick® make the mound fall
over is not based on any physical measurements or processesddfrom real
experiments, which is a limitation of the current model.

It has nevertheless been interesting to see how a model atesa® the one
presented here can generate such a repertoire of complaxibeh Stream and
mound formation, cell sorting and complex coordinated protvith clear bio-
logical resemblance all originate from the simple processechemotaxis and
differential adhesion. Hopefully models like this can seas a tool for biologists
in designing experiments to answer biologically relevargsjions, and this truly
is an area where complex systems science can play a majon tibie future.
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