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Mollusc Shell Pigmentation: Cellular Automaton Simulations and Evidence

for Undecidability

I K  M M

Max-Planck-Institute for Molecular Physiology, Postfach 102664, 44026 Dortmund, Germany

(Received on 28 June 1995, Accepted in revised form on 8 November 1995)

We present a cellular automaton (CA) to simulate the reaction-diffusion processes which determine the
pigmentation of natural mollusc shells. We obtained self-organization into stationary (Turing)
structures, travelling waves and the four classes formed in Wolfram’s automata. In particular, very
complex ‘‘undecidable’’ structures (Wolfram’s class IV) were obtained at the transition between
periodicity (class II) and chaos (class III). Agreement between the calculations and natural shells
suggests evidence for class IV behaviour in the natural process.
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Introduction

Pigmentation patterns of mollusc shells are interesting
in biomathematics because they are space-time plots
of a one-dimensional biological system. The lack of
knowledge about the biochemistry of these systems
has led to a large variety of assumptions in the models
published so far. A first simple model by Waddington
& Cowe (1969) explained the branching processes
found in some molluscs of the genus Conus. They
suggested a model, in which travelling waves result
from fluctuations, by assuming one threshold for the
onset of autocatalysis and one for inhibition. A
further model by Meinhardt & Klinger using PDEs
(1987, 1988, 1991, 1995) led to a larger variety of
patterns; however, they had to assume exact algebraic
terms for the unknown biochemical kinetics of these
systems. Another model, based on neural activity
(Ermentrout et al., 1986), yielded a large variety of
patterns in an even more complex mathematical
approach.

In addition to these, there are a few reports about
CA models which were only applicable to a restricted
number of shell patterns. Vincent (1986) used,
without biophysical justifications, a totalistic Wol-
fram-Automaton (Wolfram, 1984, 1986) and reported

that it produces patterns similar to natural ones. A
Brownian algebra with time delay based on Varela’s
(1979) autonomy theory was used in Gunji’s (1990)
automaton to simulate the patterns of Lioconcha
fastigiata and Ruditapes phillipina. Another ap-
proach was later reported by Plath & Schwietering
(1994) using again Wolfram automata.

Our approach is based on a minimal CA whose
rules express essential biophysical ideas in a
‘‘linguistic way’’ (Schepers & Markus, 1992), instead
of using formulae assuming unknown kinetics. The
very general formulation of the CA rules aims to keep
the assumptions about the real system as small as
possible, but large enough to reproduce natural
patterns. Furthermore, the CA may be closer to
nature than continuous systems, because the dorsal
epithelium of the shell mantle is indeed composed of
single cells. An essential aspect of the present work is
the simulation and identification of ‘‘undecidable’’
behaviour, i.e. class IV in Wolfram’s nomenclature,
which consists of an erratic mixture of predictability
and chaos. Such behaviour (called ‘‘undecidability’’)
has so far been obtained only from rules without any
apparent physical significance, while it will be put
here in an observable biological context.
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Methods

 

We used two simple space-time geometries to take
the growth structures of different shells into
consideration: constant length and radial growth. The
first is a one-dimensional CA [Fig. 1(a)], its
development in time is simply ‘‘recorded’’ during shell
growth. In this case, we neglect the edge growth of the
mantle, because the time scale of this growth is much
larger than the time scale of the pigmentation process.
The CA rules are based on an activator-inhibitor
mechanism following Turing’s (1952) ideas on
morphogenesis, similar to the automaton in two

spatial-dimensions by Schepers & Markus (1992). The
variables are:

ut={0, 1} (activator)

vt={n/n $ N} (inhibitor)

t={n/n $ N} (time-steps)

ut=0 is a resting, while ut=1 is an activated cell.
We call n the number of activated cells in a
neighbourhood of radius Ru . We define the following
intermediate states:

xt 4 x14 x24 xt+1 with x=u, v

The rules are:

(i) If vte1, then v1=vt−1, else v1=0
(ii) If ut=0, then u1=1 with probability p, else

u1=ut

(iii) If u1=1, then v2=v1+w1, else v2=v1

(iv) If u1=0 and nq{m0+m1v2}, then u2=1, else
u2=u1

(v) vt+1={�v2�}.
(vi) If vt+1ew2, then ut+1=0, else ut+1=u2.

� �: Averaging over a neighbourhood of radius Rv .
{ }: nearest integer.

In the course of this work, we found that the
simulations of a few shells require an exponential
instead of a linear ansatz for the inhibitor decay. In
such cases, we replaced rule (i) by:

(i*) If vte1, then v1={vt (1−d)}, else v1=0.

In what follows, we used rule i whenever not indicated
otherwise.

Our rules describe, in a simple form, the following
processes: (i) or (i*) decay of inhibitor; (ii) activator
production as a result of autocatalytic growth of
random fluctuations; (iii) production of inhibitor by
the activator; (iv) activator production by diffusing
activator that grows by autocalysis; (v) diffusion of
inhibitor; (vi) consumption of activator as a result of
the inhibitor.

Note that since in our CA approach the activator
can take up only two values zero and one, the events
‘‘activator production (resp. consumption)’’, or ‘‘cell
activation (resp. deactivation)’’, or ‘‘change of u from
zero to one (resp. one to zero)’’ are equivalent. The
free parameters of the model are: Ru , Rv , w1, w2, m0,
m1, d (in case of exponential decay), and p. Rv is the
typical length for the spread of the inhibitor, which is
taken into account by averaging the inhibitor within
a circle of radius Rv in rule v. w1 is the amount of
inhibitor produced per time step in each activated cell
(rule iii). w2 is a threshold the inhibitor has to surpass
in order to inactivate a cell (rule vi). Ru is the typical

(a)

(b)

F. 1. Cellular automata geometries; (a) orthogonal growth;
(b) radial growth.
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length for the propagation of activation; m0 is a
threshold for activation in absence of inhibitor (rule
iv): if the number of activated cells within a radius Ru

surpasses m0, then the cell gets activated. m1 describes
the inhibitor-dependence of the activation threshold
(rule iv). The linear dependence of the threshold on
the inhibition, as given in rule iv, has been proven to
be a satisfactory approximation in the analysis of
excitable media (Markus & Hess, 1990a), where it was
inferred from inspection of nullclines. d is the fraction
of inhibitor lost in each time step (rule i*), implying
an exponential decay. Finally, p is the probability
that an inactivated cell gets activated by random
fluctuations that are enhanced by autocatalysis (rule
ii). The initial condition for the CA is v0=0 in each cell
and a random distribution of zero’s and one’s for u0.
Each new line is initialized with the output of the
former line: xt (new line)=xt+1(former line); x=u, v.

 

In order to consider the radial growth of shells
we chose a radial geometry as given in Fig. 1(b). The
number of cells in the successive rings is: 1, 6, 12,
18, . . . , 6t, . . . . Each ring is rotated randomly in
order to avoid the propagation of cell-geometry
into macroscopic scales. A similar quasi-stochastical
approach for avoiding anisotropy had been intro-
duced by Markus et al. (1990a,b, 1992) for CA with
two spatial-dimensions.

The rules are the same as for orthogonal growth
but now we have to deal with an updating problem
when defining the parent–daughter relationships for
initializing the cells of a new ring. While for
orthogonal growth each new cell has one parent cell
in the former line, here each cell has more than one
parent cell in the former ring. To solve this problem
we set the value ut of a cell C in a new ring to the value
ut+1 of that cell of the former ring, which has the
largest common border with C. On the other hand, vt

is set to the integer part of the average of the values
of vt+1 of those two cells of the former ring which are
adjacent to C. This average is performed by weighting
with the lengths of the borders of the two parents
and C.



The following classes of asymptotic automaton
behaviour were introduced by Wolfram (1984, 1986):

I homogeneity
II periodic structures

III chaotic patterns
IV ‘‘complex’’ behaviour, consisting of patchy

mixtures of class II and class III.

The difference between classes III and IV can be
seen clearly in difference-patterns (DP): a DP is
determined by the difference between a pattern with,
and a pattern without a perturbation occurring at
t=0 in a single cell (Wolfram, 1984, 1986; Markus &
Schaefer, 1991; Markus et al., 1994a).

In the DPs, the perturbations for class III CA
propagate with a single velocity to the right and a
single velocity to the left at any time, and
independently of the perturbation site [Fig. 19(a)].
This behaviour illustrates the ‘‘butterfly’’-effect: a
small perturbation grows, and finally rules the whole
system. On the other hand, class IV CA yield more
complex DPs, in which it is impossible to determine
a single propagation velocity for the perturbation. In
fact, this velocity alternates between positive (chaos),
zero (periodicity) and negative values (perturbation
repair) in a disordered manner. Furthermore, class IV
DPs depend on the perturbation site and on the
overall structure at the time of perturbation [see
Fig. 19(b–d)]; one refers to class IV CA as
‘‘undecidable’’.

We found an efficient measure to discriminate
between the different classes. For this, we computed
DPs for each parameter-set and determined the two
borders. Afterwards we fitted a line through each
border. We did so after performing a coordinate
transformation in order to normalize the slope of each
fitted line (y=m*x+b) to m11 and b10 to
avoid computational infinities. The relative error
Dm/m1Dm of the slope of the fitted line was taken
as the discrimination measure. Classification was
performed as follows:

(i) Class I is simply discriminated by the property
that perturbations vanish after a short
transient time.

(ii) For class II, Dm is nearly zero because the
perturbation remains fixed in space, so a line
can easily be fitted through the border without
large errors.

(iii) The error Dm for class III is small (compared
with class IV), because there are only small
fluctuations of the perturbation propagation
velocity due to the small-scale structure of the
chaotic pattern.

(iv) Class IV DPs have such a rich large-scale
structure that a line fitted through its border is
an unsatisfactory compromise. Therefore, Dm
will be much larger than for the other two
classes.

Results

The present CA approach led to a large variety of
different structures which can be observed on natural
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mollusc shells. In Figs 2–12 we show examples of the
geometry discussed in the section on orthogonal
growth with corresponding photographs of natural
shells. Black corresponds to ut=1 and white to ut=0.
Figs 13–15 show examples for the radial growth
discussed in the relevant section.

 

We obtained Turing structures, which are caused
by self-organization via lateral inhibition (Gierer &
Meinhardt, 1972). An example (for orthogonal
growth) is shown in Fig. 2. The activator does not
diffuse as far as the inhibitor, so that the patterns are
kept at a typical distance from each other. Between
the activated bands autocatalysis is prevented by high
inhibitor values. The distance between the autocata-
lytic bands and their thickness depends only on the
parameters, being independent of initial conditions
and total size. In the case of radial growth the
available space for the patterns increases. However,
since the distance between activated bands remains
approximately constant, the structures form branches
(Figs 13, 14) or new bands (Fig. 15).

 

In some cases the system shows properties of an
excitable medium (see Markus et al., 1990a,b, 1992,
1994b, and references therein). The transmission of
activation from one cell to a neighbour occurs via
waves, propagating within the system and annihilat-
ing when hitting each other. For fast (resp. slow)
activator diffusion (Ru high, resp. low) the waves
propagate fast (resp. slow) through the whole system
(Fig. 3, resp. 4). Elementary reasoning leads to the
following formula for the speed of a travelling wave:

s=Ru−{m0+m1v2}, (1)

where it must be kept in mind that Rv is implicitly
included in v2 because of the iterative averaging
procedure of the inhibitor in rule v.

We observed that travelling waves are able to
branch as it can be seen in Fig. 4 and is explained as
follows. Suppose the activated front of a wave
travelling from left to right becomes, at time t, part
of the neighbourhood of a cell c. Furthermore,
suppose that c had ended the rule-loop with ut−1=0,
and with

vt−1Qw2−w1+1. (2)

At time step t, the wave front activates c (rule iv,
yielding ut=1). In the next time step (t+1), the
inhibitor in c decays by one (rule i) and increases (due
to its activation) by w1 (rule iii); thus: vt+1Qw2. In
the same time step (t+1), c activates cells at its

right, and (because of insufficient inhibitor) will
not become inactivated by rule vi. We call this
‘‘conserved activation’’: c remains activated for two
time steps, instead of normally one step (in case of a
higher inhibitor value). The result is, that while the
wave continues travelling to the right, c is able to
activate cells to its left in the following time step.
Thus, branching into two opposite waves occurs.
Note that the condition given above (inequality 2)
may be fulfilled if the inhibitor production (w1) is
sufficiently low, if the inhibitor diffusion (Rv ) is
sufficiently high, and if the number of neighbouring,
activated (inhibitor-producing) cells is sufficiently
low. In other words, if a sufficient number of waves
have died out by colliding with each other, the
decrease of inhibitor production by wavefronts can
support wave-branching, thus increasing the number
of waves and roughly compensating the loss.

Other examples of such conserved activation are
the triangular shaped structures in Figs 5 and 6. Each
set of triangles is initiated by autocatalytically
enhanced random fluctuations (rule ii). Within each
triangle, the inhibitor is kept at such a level (due to
inhibitor diffusion, rule v) that activation is not only
conserved for two time steps (as in branching) but for
the whole duration of the triangles. In the interior of
a triangle (inhibitor source) the inhibitor profile is flat
(nearly constant plateau) because of the strong
inhibitor diffusion (large Rv ). Close to the edges of the
triangles, i.e. close to the inactivated inhibitor-sinks,
this flat profile drops. In contrast, the height of the
profile slowly increases as the triangle grows, because
the number of activated (inhibitor producing) cells
grows. This happens until the profile plateau reaches
w2. At that time, either all cells of the triangle are
deactivated, or all cells are deactivated except those at
one or both vertices. Depending on the inhibitor
distribution in the vicinity of the triangles, vertices
may lay outside the inhibitor plateau, in which case
they remain active.

In Figs 7 and 8, black (activated) triangles are so
large, and thus overlap so often, that the remaining
inactivated areas appear as white triangles pointing
downwards. The drop-like shape of some of the white
triangles (Fig. 7) is caused by increasing propagation
velocity of their black borders, as inside v2 decreases
in time [see eqn (1)].

‘‘’’

Figs 9–12 show mixed patterns, consisting of an
erratic alternation of competing structures, that
Wolfram has called ‘‘class IV’’ dynamics. These
dynamics can be understood here in terms of two
modes co-existing in phase space for one set of control
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(a) (b)

F. 2. Self-organization into Turing structures via lateral inhibition; (a) Neritina ziczac (Philippines); (b) Ru=1, Rv=17, w1=1, w2=1,
m0=m1=0, p=2*10−3.

(a) (b)

F. 3. Waves travelling with high velocity; (a) Voluta ellioti (West Australia); (b) Ru=16, Rv=0, w1=8, w2=21, m0=0, m1=1, p=2*10−3.

(a) (b)

F. 4. Waves travelling with lower velocity than in Fig. 3 and including branching processes; (a) Olivia porphyria (Panama); (b) Ru=2,
Rv=0, w1=10, w2=48, m0=m1=0, p=2*10−3.

.   .  (facing p. 336)



J. theor. Biol.

(a) (b)

F. 5. (a) Lioconcha castrensis (Philippines); (b) Ru=1, Rv=16, w1=8, w2=6, m0=m1=0, p=2*10−3.

(b)(a)

F. 6. (a) Tapes adspersa (East India); (b) Ru=1, Rv=10, w1=9, w2=5, m0=m1=0, p=2*10−3.

(b)

(a)

F. 7. (a) Conus marmoreus (Philippines); (b) Ru=4, Rv=9, w1=2, w2=19, m0=0, m1=0.2, p=0.

.   . 
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(b)

(a)

F. 8. (a) Chione grisea; (b) Ru=1, Rv=23, w1=4, w2=71, m0=m1=0, p=0, d=0.05 (rule i*).

(b)

(a)

F. 9. (a) Conus striatus (East Africa); (b) Ru=3, Rv=8, w1=2, w2=11, m0=0, m1=0.3, p=10−3.

.   . 
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(b)
(a)

F. 10. (a) Neritina ziczac; (b) Ru=3, Rv=0, w1=5, w2=12, m0=0, m1=0.22, p=4*10−3, d=0.19 (rule i*).

(b)
(a)

F. 11. (a) Neritina pupa (Antilles); (b) Ru=2, Rv=0, w1=6, w2=35, m0=0, m1=0.05, p=2*10−3, d=0.1 (rule i*).

.   . 
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(b)

(a)

F. 12. (a) Voluta hebraea; (b) Ru=1, Rv=2, w1=5, w2=10, m0=0, m1=0.3, p=2*10−3.

(b)

(a)

F. 13. Radially growing Turing structures: the patterns occupy the additional space by branching; (a) Sunetta meroe (South Australia);
(b) Ru=1, Rv=100, w1=2, w2=2, m0=m1=0, p=0.

.   . 
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(b)

(a)

F. 14. (a) Patelloidea indet; (b) Ru=1, Rv=20, w1=3, w2=3, m0=0, m1=0.55, p=0.

(b)

(a)

F. 15. Occupation of free space during radial growth by the formation of new activated bands; (a) Patella pulcherina (Guadeloupe);
(b) Ru=1, Rv=16, w1=8, w2=6, m0=1, m1=0, p=2*10−4.

.   .  (facing p. 337)
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F. 16. Discrimination between the different classes by the calculation of a linear regression-line through the border of
difference-patterns. The log-log plot shows Dm averaged over 100 random initial conditions for each configuration vs. the number of
automaton cells. We obtain a separation between the class IV automata (A through G; continuous lines), the class III ones (H through
J; pointed lines) and the class II ones (K through M; dashed lines). Configurations: A: Ru=1, Rv=6, w1=3, w2=14, m0=0, m1=0.05,
p=2*10−3, d=0.18 (rule i*); B: as Fig. 10; C: Ru=3, Rv=8, w1=2, w2=11, m0=0, m1=0.3, p=2*10−3; D: as Fig. 11; E: as Fig. 5; F:
as Fig. 12; G: as Fig. 9; H: as A except: w1=2, w2=8; I: as Fig. 7; J: as A except: w1=3, w2=12, p=0; K: as J except: w1=4, w2=16;
L: as J except: w1=5, w2=21; M: as J except: w1=5, w2=19.

parameters (i.e. non-uniqueness of behaviour, also
referred to as ‘‘birhythmical’’). The system is kicked
between the co-existing modes, the kicking being
determined in the present CA both externally by the
random input (rule ii) and internally (endogenously)
by the system itself. In Fig. 9 the competing modes
are stationary stripes, and triangles alternating in an
aperiodic chaotic way. This example does not fit the
observations exactly, but it does show the same
general properties as the natural mollusc.

In Fig. 10, the ‘‘back’’ of the picture is a periodic
oscillation with high frequency, the inhibitor remain-
ing in the vicinity of w2. At the top of the arrows,
random fluctuations cause an overshooting of
inhibitor that switches the system into a spatially
spreading de-activated mode. The inhibitor in the
arrows is initially high, but then decays so as to allow
random fluctuations to initiate travelling waves (bases

of the arrows). These waves switch the system again
back into the oscillatory mode.

In Fig. 11, the two modes are: slow-travelling waves
in regions with high inhibitor, and fast-travelling
waves in regions with low inhibitor [see eqn (1)].
Branching into short-living oscillatory modes occurs
behind the slower waves. It is noteworthy that the
mixed pattern in Fig. 11 is almost unchanged if one
sets p=0, showing that the random input is not
essential for the erratic switching, and thus indicating
the existence of endogenous switching processes, well
known in Wolfram’s CA.

In Fig. 12, the two competing modes are stationary
lines, occurring in regions where the inhibitor is high,
and travelling waves, where inhibitor is low. Finally,
we must note that the pattern shown in Fig. 5 is also
to be classified as ‘‘undecidable’’, as demonstrated by
the DP in Fig. 19(b). This is so, although a mixing
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F. 17. Phase transition from class II over class IV to class III visualized with the classification method described in this contribution.
We plotted Dm averaged over 100 random initial conditions (CA length: 400 cells) against the automata index i along a linear path through
the parameter space. Dashed line: right side of the DP, continuous line: left side of the DP. This path (using rule i*) is given by: Ru=4,
Rv=9, w1=2, w2={−1.51*i+29.93}, m0=0, m1=0.2, p={(3.93*10−4)*i−7.14*10−4}, d={0.631*i+1.036}; i={1, 2, . . . , 8}.

of patterns is not obvious from mere visual
inspection. Thus, the dynamics of triangles are not
only governed by the propagation of travelling
waves, by ‘‘conserved activation’’, and by inhibitor
accumulation and diffusion, but also by switching
mechanisms co-determined by endogenous class IV
dynamics.

In Fig. 16 we plotted the results of our
characterization of classes II, III and IV. In addition
to the patterns given in Figs 5, 7 and 9–12 we
considered some additional patterns herein. We
plotted Dm vs. the number of automata cells. The best
discrimination was achieved for lines with 200–800
cells. Note that in this range of L, Dm scales as

F. 18. Three typical patterns along the transition path given in Fig. 17 [using rule (i*)]; left: configuration for i=1: Ru=4, Rv=9, w1=2,
w2=28, m0=0, m1=0.2, p=0, d=0.02 (class II); middle: config. for i=5, i.e. parameters for i=1 except: w2=22, p=1*10−3, d=0.05 (class
IV); right: config. for i=8, i.e. parameters for i=1 except: w2=18, p=2*10−3, d=0.06 (class III).
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F. 19. Difference patterns (DPs) for class III (a) and class IV (b through d) automata. The DPs for Class IV automata show a disordered
error propagation depending on the initial conditions and also show eventual ‘‘error repairing’’. (a) Left corresponds to Fig. 7, right to
Fig. 8. (b), (c) and (d) correspond to Figs 5, 9 and 11, resp. The left and right DPs of (b), (c) and (d) correspond to different initial conditions.

Dm A Lb. We therefore compare Dm values for a
particular, specified L. Fig. 17 shows the quantitative
characterization of a typical phase transition from
class II to III in parameter-space; Dm (for L=400) is
plotted against an index indicating specific points
along a straight line crossing the parameter-space, as
given in the caption.

The observed transition from class II over class IV
to class III is a further confirmation of a former report
(Li et al., 1990), in which the class IV behaviour was
found to occur at the ‘‘edge of chaos’’ between
periodic and chaotic behaviour. Fig. 18 shows
patterns for the index i=1, 5 and 8 of Fig. 17. We
obtained transitions similar to Fig. 17 all over the
parameter space. Also the class IV patterns in
Figs 9–12 yielded enhanced values of Dm, as
compared with class III or class II patterns appearing
in a neighbourhood in parameter space. We also
tested this method on Wolfram automata, always
obtaining enhanced values of Dm for class IV, as
compared with classes II and III.

Discussion

Our general and simple CA leads to a large variety
of patterns observable in nature; small variations of
the control parameter often yield great changes of the

pattern properties in agreement with the relative fast
and highly diversifying development of natural
mollusc pigmentation during evolution (Willmann,
1983).

It is interesting to compare our results with those
obtained by Meinhardt & Klinger (1987, 1988, 1991)
using PDEs. (See also the recent richly illustrated
book by Meinhardt, 1995.) Surprisingly, many of the
shell patterns presented in this paper (for orthogonal
as well as for radial geometry) can be satisfactorily
simulated both by a system of two PDEs (two
independent variables) and by our CA. However,
there are patterns, for which the two approaches do
not seem to be exchangeable: branching processes
(section on travelling-waves) and mixed patterns
(section on ‘‘undecidability’’). The simulation of these
patterns by PDEs requires additional independent
variables (up to a total of six; Meinhardt, 1995), while
our CA does the job with the two variables u and v
only. For all calculations in the present work, our
rules were left unchanged, except for occasional
replacement of linear inhibitor decay (rule i) by
exponential decay (rule i*). Maybe the most
important advantage of the CA approach is that
mixed patterns do not require switching between two
pattern-generating mechanisms, but just one mechan-
ism, namely a class IV (‘‘undecidable’’) CA. The two
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patterns arise from co-existing modes, which are
switched from one to the other either by external
noise, or endogenously as in Wolfram’s CA, or by a
complex interplay of noise and endogenous processes.
It is noteworthy that this CA is the same as that
generating simple patterns, except for the choice of
parameters.

On the other hand, Meinhardt–Klinger’s PDEs
do yield patterns that we have not been able to
reproduce: rows of patches (e.g. in Conus literatus),
crossings of lines (e.g. in Tapes spec.), and
checkerboard-like patterns (e.g. in Bankivia fasciata).
For another group of shells, Meinhardt & Klinger
assume a space-dependent control parameter (e.g. for
Palamadusta diluculum, Natica enzona, Amoria
undulata, Nautilus pompilius and Palamadusta
zigzag). This inspires for future work, as one may well
expect that our CA parameters can be optimized
to fit natural shells by introducing parameter-
inhomogeneities. Furthermore, Meinhardt & Klinger
satisfactorily describe pattern repair after a large
external perturbation (as in the rib-like pattern of
Strigilla), which could also be tested with CAs in the
future.

Another open task is to check to what extent and
to what significance the discontinuities arising from
CA discretization relate to the actual biophysical
processes—a task indeed emerging from any work
with cellular automata. However, this may well
require additional physiological data.

Our measure Dm, as obtained from a simple linear
regression, is faster to calculate, and is intuitively
more appealing than the mutual information used by
Li et al. (1990) to characterize Wolfram automata.

The agreement of our class IV simulations and
natural shells, suggesting a class IV behaviour of the
natural pigmentation process, would be the first
experimental evidence for class IV processes in
nature.

We thank Joseph Boscheinen from the Löbbecke
Museum und Aquazoo, Düsseldorf, who helped us with the
search for shells. We also thank Thomas Gehrmann and
Stefan Leute for computing assistance, as well as the
Deutsche Forschungsgemeinschaft (Grant Ma 629/4-1) for
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