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Migration automaton models are introduced which offer the possibility to directly analyse essential selforganization properties of biological pattern formation at the cellular level. We present examples of migration
automata as models of collective motion and cellular aggregation--patterns that are typical for example in
the life cycle of Myxobacteria. Linear stability analysis of the corresponding automaton Boltzmann equation
allows to distinguish orientation-dependent (collective motion) and density-dependent (aggregation) instabilities.

1.

Introduction

In view of the vast variety of biological patterns virtually
everywhere, investigation of their formation seems
straightforward and even challenging. Aristotle (1992)
(lacking the help of a microscope) reported the progressive
emergence of anatomical complexity in the course of
chick embryonic development millenia ago. Surprisingly,
Aristotle's formative perspective remained an exception.
To the contrary, it is not long ago that, according to
the prevailing Platonian world view, any form, in particular anything biological, was considered as preformed
and ostensibly static. Preformation implies that each
generation contains the complete information to form all
subsequent generations, since no information can be
created de novo in a static world: Within each animalcule
is a smaller animalcule and within that a smaller and
so forth. Applied to humans, preformation calls to mind
the idea of a homuncuhts suggesting embryogenesis as
merely the progressive uncoiling (de-veiling, i.e.,
development) of a small human. Consequently, if
organisms are allowed to change--and organismic change
was generally accepted--preformation implicitly requires
a finite number of generations. Preformation is ultimately
a theological concept since it assumes an arbitrary
beginning, an act of creation, introducing a creator/created
dichotomy. At those times preformation was regarded
the only rational approach while epigenetic concepts

particularly associated with spontaneous generation
carried irrational connotations.
In 1759 Caspar Friedrich Wolff disproved preformation
experimentally. He demonstrated at the resolution of his
microscope that blood vessels of the chick blastoderm
were not apparent at the beginning but emerged from
islands of material surrounded by liquid. He also discovered that the chick gut was not initially a tube but
was formed by the folding of the embryo's ventral sheet,
a process more reminiscent of coiling than uncoiling.
Around the turn of this century, experimental evidence
of embryonic regulation had accumulated, i.e., de novo
pattern formation could no longer be denied. Embryonic
regulation was first shown by Hans Driesch (1891) in
regeneration experiments: removal of a part of the early
embryo does not result in a partial adult (as predicted
by August Weismann) but in a complete final morphology
(Driesch 1891). It follows that the pattern is not preestablished in the egg--parts of the egg and early embryo
are in fact totipotent--and that later embryogenic events
themselves are responsible for pattern formation.
Driesch's experiments, which were often regarded as
artefacts of minor importance, did not lead to the demise
of preformation concepts. The discussion continued: Is
the egg "mosaic" or "regulative"? Does the final form
pre-exist in the spatial arrangement within the early
(mosaic) egg? Can development be viewed simply as a
transformation or, conversely, can one speak of de novo
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formation in the course of regulative embryonic
dynamics?
Going hand in hand with experimental investigations,
an interest in mathematical models of pattern formation
arose at the beginning of the century. D'Arcy W
Thompson (1917), the pioneer of such theoretical
approaches, gave the concept of transformation a picturesque mathematical foundation in his theory of affine
maps. Furthermore, he proposed an optimization principle,
which regards minimization of (physical) curvature in
an attempt to explain the shape of single-cell organisms.
Nevertheless, optimization principles imply the preexistence of a potential and, accordingly, neglect the
precise nature of temporal development. Optimization
principles result from a Boltzmann world view in which
a direction of time, i.e., history, is appreciated yet the
precise historical performance remains unimportant
because developmental outcome is already anticipated in
the corresponding (preformed) potential.
It is Alan Turing's (1952) merit to have introduced
the very first mathematical model for self-organized de
novo pattern formation made evident in particular by the
concept of instability in his ground-breaking paper "The
chemical basis of morphogenesis". He showed that random fluctuations might be enhanced from a spatially
homogeneous state. Subsequently, the interplay of
appropriately chosen chemical (morphogen) reactions with
(passive) molecular transport by diffusion can lead to
regular (periodic) spatial patterns, It is today questionable
if the corresponding diffusive (or Turing) instability can
account for many biological patterns but the idea of
pattern initiation due to instability has doubtlessly proven
fruitful and its scope has been extended to hydrodynamic
and mechanical interactions ( A l t e t al 1997). Further
theoretical foundations were laid by the Prigogine school
in their investigation of paradigmatic biological non-linear
non-equilibrium thermodynamic systems, in particular
with regard to the life cycle of the slime mould
Dictyostelium discoideum (Nicolis and Prigogine 1997).
The majority of morphogenetic modelling attempts
focus on a macroscopic perspective, i.e., the models
describe concentrations of cells or chemical molecules
which change due to imposed physical or chemical
interactions. Such an approach may be justifiable in
"large systems" consisting of a huge number of cells.
But it is characteristic of embryogenetic situations that
they start from a small number of cells. In addition, in
the fifties a number of experiments by Holtfreter, Townes
and others demonstrated the importance of direct cell-cell
interactions for embryonic pattern formation. Steinberger
(1963) proposed a differential adhesion hypothesis to
account for cell sorting, engulfment or checkerboard
patterns. Direct cell-cell interactions also seem to govern
the life cycle of Myxobacteria (figure 1) (Dworkin and
Kaiser 1993). In these rod-shaped Gram-negative bacteria

phases of individual motion are followed by social phases
visible in stream formation of aligned cells and aggregation (figures 2 and 3).

Figure 1. Life cycle of Myxobacteria: Rod-shaped vegetative
cells (a) undergo cell division (b) and are able to migrate on
suitable surfaces. Under certain conditions (see text) cells cooperate and Ibrm streets (c). Finally, ceils aggregate (d).
Aggregation centers serve as initializationof fruiting body lbrmation
(e). Within these fruiting bodies vegetative cells diffcrentiate
into metabolically dormant myxospores (f); question m~rks
indicate those transitions which are addressed by the migration
automaton model (see text). (Transformed after Stevens 1990.)

Figure 2. Street building activity of Myxobacteria (My.rococcus
xanthus), individual ("adventurous") bactcria (length =3-5 t-tnl)
and swarm aggregates (consisting of "social" bacteria) can be
distinguished (figure 1 in Pfistncr 1990 with permission from
Springer Verlag). Aggregation activity of Myxobactcria fright).
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Swarming and aggregation viewed as self-organization phenomena

It seems therefore reasonable to analyse morphogenetic
motion, i.e., pattern formation, in small cellular systems
of actively moving and directly interacting cells in an
attempt to identify important cellular instabilities.
Migration automata have previously been introduced as
models of morphogenetic motion (Deutsch 1996, 1998;
Bussemaker et al 1997). Here, we review the definition
and propose swarming and aggregation instabilities to
account for the onset of stream formation and aggregation
in Myxobacteria, respectively.

with surrounding cells. In the migration automation, cells
inhabit the nodes (r) of a two-dimensional square lattice
.6. Four velocity channels c l = ( 1 , 0 ) , c2=(0, I), c.s=
(-1, 0), Ca= ( 0 , - I ) , are associated with each node. Cells
reside at these lattice channels. An exclusion principle
prevents two (or more) cells to occupy the same channel.
Additionally, there are r/ resting cells staying in rest
channels co= (0, 0). These cells have lost their ability
for activity migration. Accordingly, the local state space is
S={s=(si)l<i<_4+t I

2.

where SiE

{0, ]}}.

Method

Migration automata can be interpreted as (individualbased) stochastic cellular automata.Cellular automata were
first proposed by John v Neumann (1966) as a model
of self-reproducing systems and automaton-like models
have been widely applied to biological problems, e.g.,
pattern formation, population dynamics or epidemiology,
ever since; see for review and examples Ermentrout and
Edelstein-Keshet (1993).
The automation models self-ordered active motion of
oriented cells which m ~ v reorienl b, means of interaction

Here, s i, i = 1. . . . . 4 indicates the presence of a moving
cell in the velocity channel c i, while s i, i = 5 . . . . .
4 + 71 denotes if there is a resting cell in the corresponding
rest channel (in the following we always assume ~/= 4).
Temporal dynamics is as follows: Initially, cells are
randomly distributed on the lattice (with size L). Iteratively, temporal development proceeds by means of
subsequent application of interaction and migration
steps--simultaneously applied to each node configuration.
Accordingly, the underlying algorithm is essentially
parallel and related to lattice-gas cellular automata (Frisch
et al 1986; Lawniczak et al 1991). The perspective is
microscopic but relations to macroscopic system levels
might be derived (Deutsch and Lawniczak 1999).
The crux of the (migration) automation is the appropriate definition of (local) interaction rules governing
the update of the node distribution. Interaction is
implemented according to appropriately chosen transition
probabilities which solely depend Upon the cell distribution in the node's vicinity. The "strength of interaction"
is tunable by sensitivity parameters /3 and 7' (to be
explained in the next section). Thereby, different interaction rules can mimic basic biological interactions
(Bussemaker et al 1997; Deutsch 1999). In particular,
there is no long-range communication--no external cues
as prepatterns, mechanical stresses, cherno-, haptotaxis
or contact guidance. In the remainder, we investigate
the alignment and aggregation interaction rule, respec~i\'ely.
3.

Results and discussion
3.1

Figure 3. Post-aggregation pattern: Field of fruiting bodies of
Myxobacteria (Corallococcus coralloides). The small dots also
consist of myxospores (magnification ca. 70x, picture by H
Reichenbach, Braunschweig).

Swarming

First, we consider the alignment (swarming) interaction
rule which assures that cells tend to align in the direction
of the average flux in their vicinity. The model behaviour
was studied by means of simulations: For low cell
densities (40--)and (alignment) sensitivity (fl) the isotropic
initial state remains isotropic. The behaviour is diffus i v e - n o ordering can be observed. Increasing the sensitivity implies pattern formation manifested as
collectively moving clusters consisting of cells having
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tionally coordinated patterns. Simulation studies yield a
dynamic phase transition (figure 5). W e tried to confirm
this result by analysing the underlying (linearized)
Boltzmann equation of the migration automaton in meanfield approximation. The corresponding phase diagram
yields surprisingly good coincidence with the phase transition observed in the simulations (figure 6). Additional
qualitative insight can be drawn from the eigenvalue
spectrum (figure 7): No spatial pattern is to be expected
since the fastest growth occurs at wavenumber k =0.

approximately similar orientations (figure 4). Furthermore,
we examined the effect of sensitivity on s p a t i a l / o r i e n tational pattern formation and defined the "globally
averaged mean velocity"
4

ci si(r) l,
r a g i= 1
as a macroscopic (orientational) order parameter. It is
zero for an unordered state but high (< 1) for orienta-

Figure 4. Swarm formation in the migration automaton model. Snapshots of the system
are shown after 100, 500, 2000 time steps, successively (from let1 to right). Parameters
are: swarming sensitivity [3 = 2-0, averaged density /5 = 2.0, system size L = 50 (moving
particles are indicated as black bars while rest particles are represented by filled circles
whose gray level indicates the number of rest particles at the particular node).
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Figure 5. Mean velocity ].i versus sensitivity ft. Obtained from
simulation of L = 50 system at averaged density /5 = 1.6, after
t = 1000 time steps (y=0).
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Figure 6. Phase diagram lot swarming interaction. Shown are
the regions of stable and unstable behaviour, as a function of
the swarming sensitivity [l and averaged density fi (y = 0).
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Figure 7. Eigenvalue spectrum tbr ,~ = 1.6, [.r = 1.5, 7 = 0 and

z(k) = lnA(k) with Z(k) being eigenvalue (mode) of the underlying
linear system. Density (D), longitudinal (L) and transverse (73
momentum, and sound (S+) modes arc indicated (the stable
mode is not shown; see /3ussemaker et al 1997 for further
explanation).
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Figure 8. Aggregation in the migration automaton model. Snapshots of the system are
shown after t00, 500, 2000 time steps, successively (from left to right). Parameters are:
aggregation .sensitivity ~ = 1.0, averaged density ,~ = 2-0,/3 = 0 system size L = 50 (particle
representation as in figure 4).
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Figure 9. Eigenvalue spectrum for), = 1.0, fl = 0, ,o = 1.6. Only
the maximum mode is shown.

The phase diagram suggests two possible scenarios
for swarm initiation: Either, density is kept constant
while sensitivity grows or, alternatively, sensitivity
remains constant while density increases. The latter
picture might apply to Myxobacteria since, here, the
pre-swarming phase is characterized by cell division,
i.e., increase of cell number which might trigger stream
formation (figure 1: b--->c, figure 2).

formation since fastest growth occurs for k ~ 0 (figure 9)
which might explain the spatial frequency of the aggregation pattern and the formation of aggregation centers
in Myxobacteria (figure 1: c ~ d, figure 3).
Here, we have focused on two basic interactions which
can be interpreted as elementary tools comprising a
morphogenetic toolbox. Along the lines indicated in this
paper, it is possible to extract further elementary cell-cell
interactions, in particular the tug o f war cohesion/
differential adhesion driven interaction. This allows for
example to study pigment pattern formation in silico
with the help of combinations of elementary interactions
(A Deutsch, in preparation).
It has to be mentioned that the migration automaton
model sketched here offers the possibility of analysis,
i.e., many of the important pattern characteristic can be
deduced from the automaton rules without the need of
simulations. We have shown this by analysis of the
underlying Boltzmann equation. Thus, it is possible to
identify morphogenetic instabilities in cellular automata.
Extensions to three dimensions might help to get insight
in further interesting embryological and developmental
problems, e.g., fruiting body formation of Myxobacteria
or gastrulation. Another extension will be the introduction
of links between cellular pattern formation and patterndependent differentiation.
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3.2

Aggregation

Next, we investigate the "stumbling interaction". It is
assumed that cells tend to rest if the number of quiescent
cells in their vicinity is high--tunable by the aggregation
sensitivity (V)- For example, in Myxobacteria it is well
known that prior to aggregation certain cells change their
individual motion behaviour. Simulations exhibit formation of aggregation centers (figure 8). Again, we analysed
the corresponding linearized Boltzmann equation. The
eigenvalue spectrum yields an indication for spatial pattern
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