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Chapter 1

General introduction

All ecological interactions take place in space. Finding scarce food items
may require extensive spatial searches. Depletion of plankton by filter

feeders in tidal waters may be felt by competitors over extensive distances.
Yet, early approaches to understand the effects of ecological interactions on
population dynamics commonly neglected the spatial context, such as in
the classical treatment of ecological interactions by Lotka and Volterra back
in the 1920s, where the only dimension was time (Lotka, 1932; Volterra,
1926). Most of ecological theory has since been based on the mean field
assumption, which presumes that ecological interactions within a certain
area can well be described as a function of the mean density of the involved
organisms. In reality, however, ecological interactions often have an explicit
spatial scale, which is both common and persistent across a range of
ecosystems (Levin, 1992; Levin and Segel, 1985). In no field has this become
more apparent than in the study of spatial self-organization, where scale-
dependent interplay of different ecological processes creates patterns and
other forms of spatial organization even in landscapes that have otherwise
little underlying heterogeneity.

Since the first spatially-explicit ecological models were proposed by
Hassell, Comins and May (1991, 1994) in the 1990s to describe pattern
formation, the processes that underlie spatial self-organization have become
an important source of theoretical speculation. Nowadays, spatial self-
organization and the baffling variety of spatial mosaics and patterns that
this process can create appeals to many ecologists. Theoretical and empirical
ecologists have used various methods to unravel the emergent effects of
spatially self-organized patterns on ecosystem functioning in a wide range



2 General introduction

of ecosystems (Pringle et al., 2010; van de Koppel et al., 2005; Guichard et al.,
2003; Kefi et al., 2007; Klausmeier, 1999; Rietkerk and Van de Koppel, 2008).
Yet, many questions are still unanswered, and self-organization remains
one of the most poorly understood topics in ecology (May, 1999; Sole and
Bascompte, 2006). An imminent question is how spatial interactions and the
resulting complexity affect natural systems, both in qualitative terms, i.e. by
improving biodiversity, and in quantitative terms, i.e. improving carrying
capacity.

(A) (B)

(C) (D)

Figure 1.1: Examples of spatial patterns in nature. (A) Regular striped patterns
on the coat of a zebra; (B) sand ripple patterns on a beach; (C) labyrinth-shaped
patterns on a mussel bed; (D) Diatom-induced sediment patterns on an intertidal
flat (images C and D courtesy of Johan van de Koppel).

Self-organized spatial patterns are widely observed in nature, including
animal coat markings, ripples and dunes in sand, vegetation distribution in
semiarid regions, seagrass beds, coral reef morphology, and even patterns
of animal aggregation (see Figure 1.1 for examples). The emergence of
spatial patterning has invoked the interest of scientists from different realms
of science. For instance, ecologists have studied the formation of spatial
patterns in ecosystems, while behavioral biologists focused on collective
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animal behaviour (Ioannou et al., 2012), such as joint movement of fish
in fish schools (Couzin et al., 2002; Parrish and Edelstein-Keshet, 1999;
Theraulaz et al., 2002; Hemelrijk and Hildenbrandt, 2013). To unravel
powerful analogies between different systems, theoretical scientists tried to
unravel the principles behind pattern formation using a range of statistical,
mathematical (Cavagna et al., 2010, 2013), and computer simulation
tools (Sherratt, 2013, 2012). These tools include differential equations,
stochastic models, self-propelled particle models, and individual-based
models (Sumpter, 2010; Vicsek et al., 1995).

Spatial patterns in ecosystems

In the past decade, a number of studies have emerged that pointed at spatial
patterns observed in natural ecosystems, such as regularly patterned bush
lands in semi-arid ecosystems (Klausmeier, 1999; von Hardenberg et al.,
2001; Rietkerk et al., 2002), patterned boreal peat lands (Rietkerk et al.,
2004; Eppinga et al., 2009), patterned savanna ecosystems (Scanlon et al.,
2007; Pringle et al., 2010), ribbon forests in the rocky mountains (Bekker
and Malanson, 2008; Bekker, 2009), patterned biofilms in intertidal mud-
flats (van de Koppel et al., 2005; Weerman et al., 2010), in tidal freshwater
marshes (van de Koppel and Crain, 2006), and in mussel beds (van de
Koppel et al., 2008). These examples reveal that spatial patterns occur
widely across a range of ecosystems. Patterns in the spatial distribution of
individuals or species, as well as their change, are features that have in the
past been linked to spatial differences in environmental conditions. Recent
experimental and theoretical investigations, however, have shown that
ecological interactions, even in the absence of environmental heterogeneity,
may induce complex spatial patterns (Murray, 2002; Reichenbach et al.,
2007; van de Koppel et al., 2008). These spatial patterns are therefore
labeled as “self-organized”, meaning that they result from the interactions
of the species that make up the ecosystem, rather than being imposed from
external forcing from, for instance, the landscape. Interesting examples are
found the spiral waves in mycobacterial (Igoshin et al., 2004) and insect host-
parasitoid systems (Hassell et al., 1991, 1994), striped and labyrinth-shaped
patterns in mussel beds (van de Koppel et al., 2008), and fractal-like patterns
in competing strains of E. coli (Kerr et al., 2002).
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What mechanisms drive pattern emergence?

One of the frontiers of ecological theory is to understand the mechanisms
and implications of spatial self-organization in ecosystems (Eppinga et al.,
2009; Rietkerk et al., 2004; Rietkerk and Van de Koppel, 2008). The diversity
of possible ecological mechanisms that could drive pattern formations is
bewildering, and a number of different models have arisen in the past
decades to study their underlying principles (Eppinga et al., 2009; Eppinga,
2009). Here, I will quickly summarize the most important ones.

Turing’s activator-inhibitor principle

Regular spatial patterns are the most prominent form of spatial self-
organization in ecology (Klausmeier, 1999; Rietkerk et al., 2002; Eppinga,
2009; Weerman, 2011; Hassell et al., 1991). Despite of them occurring in a
wide variety of ecosystems, there are striking similarities in the morphology
of the patterns across ecosystems, in the form of regular dotted, spotted,
or banded patterns. Theoretical studies suggest that this similarity may
originate from a common underlying principle, which was formulated
mathematically as the activator-inhibitor principle by Alan Turing in
1952 (Turing, 1952). According to the activator-inhibitor principle, small-
scale activation processes interact with large-scale inhibition to generate
symmetry-breaking instability, leading to regular spatial patterns. This
activator-inhibitor principle, in an ecological context called a scale-dependent
feedback, has successful been applied in many ecosystems (Eppinga et al.,
2009; van de Koppel and Crain, 2006; van de Koppel et al., 2005; Weerman
et al., 2010; van der Heide et al., 2010a). Often, but not essentially, it
involves a close interaction between organisms and their environment,
where organisms locally modify their environment to improve overall
growth conditions, but deplete an essential resource to inhibit population
growth at larger spatial scales. This type of interaction cuts across many
ecosystems to explain pattern formation and its effects on ecosystem
functioning (see Rietkerk and Van de Koppel (2008) for an in-depth review).
The experimental data has demonstrated that scale-dependent feedback
between organisms and their environment gives a general explanation for
regular pattern formation for many ecosystems (see Box I).
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Box I: Experimental evidence of scale-dependent feedback in ecosystems

Even though the appearance of Turing patterns often seems obvious for
many ecosystems, it is difficult to be sure they were produced by Turings
activator-inhibitor mechanism (also called a scale-dependent feedback),
rather than some other mechanism.

In ecosystems, scale-dependent feedbacks emerge mainly from short-
range facilitation through modification of the environment and long-range
competition for resources. This short-distance positive feedback and
long-distance negative feedback, irrespective of the precise mechanisms
involved, can create regular spatial patterns.

There are only two direct experiments that support the existence of scale-
dependent feedback mechanism in ecology. One of them was done by
Van de Koppel and Crain (2006) on spatial patterns in the distribution of
Cares stricta tussock. The results revealed a clear combination of positive
and negative feedback on the tussocks growth, at a distance of 15 and 75
cm from the tussock center, respectively (see Figure I). Another experiment
was done by Bregje et al. (2008) on Spartina anglica, revealing a similar
scale-dependent growth rate.E140 The American Naturalist

Figure 3: Performance of Carex stricta transplants at varying distance
from tussock centers with and without aboveground standing crop (in-
cluding wrack). Carex stricta removals vary depending on distance class;
at 0 and 75 cm, aboveground shoots and wrack of C. stricta were removed,
while at 15 cm, only C. stricta wrack was removed, as live plants did not
occur here.

Figure 4: Light levels on top of the soil, expressed as percentage of radiant
light, versus distance from tussock center.

and 75 cm, respectively. Each treatment was conducted
independently and replicated 10 times.

Transplant performance was followed for one growing
season, and in August 2002, aboveground biomass was
harvested, dried, and weighed. Biomass data were

transformed to improve homogeneity of vari-log (x � 1)
ance and analyzed in a two-way ANOVA testing the effects
of distance, C. stricta biomass, and their interaction on
plant performance. Data were analyzed using JMP statis-
tical software, and post hoc comparisons were performed
using JMP’s “least square means contrast” feature.

Light Availability

Based on previous work in the system, light reduction was
identified as a primary mechanism driving spatial pat-
terning of vegetation in tussock marshes (Crain and Bert-
ness 2005). Carex stricta accumulates extensive amounts
of standing dead, which eventually falls radially from the
tussock and accumulates in intertussock areas, inhibiting
further colonization via seedlings or even vegetative run-
ners. To investigate how shading by wrack and conspecifics
varies with distance from the center of individual tussocks,
we analyzed the relationship between light availability at
the soil surface and distance from the tussock center. We
determined light intensity levels (photosynthetically active
radiation [PAR]) at the soil surface at 5-cm intervals along
10 transects from a tussock into the intertussock space,
using a different tussock for each transect. Transects began
at the center of an elevated tussock at the soil surface and
moved horizontally from the center at ground level, drop-
ping to the elevation of the soil matrix. Transect angle was
selected in such a way that the longest distance could be

covered without running into another tussock. Light levels
(PAR in mmol/m2/s) were measured with a LiCor line
quantum sensor (which integrates light readings over 0.5
m) aligned perpendicular to the transect on a cloudless
day in May. We measured background light levels just
before and after measuring the transects to compensate
for changes in sunlight intensity. After logarithmic trans-
formation of the light levels, we analyzed the relation be-
tween distance and light levels by fitting a general linear
model with a polynomial fit.

Empirical Results

Spatial Analysis of Vegetation

The spectral analysis revealed clear regular spacing of the
tussocks on the investigated images (two of which are
presented in fig. 2), with a peak wave number of about
8. This concurs with a tussock distance of about 62.5 cm
and is in accordance with the 61-cm distance reported by
Crain and Bertness (2005). The analysis revealed that some
wave numbers lower than 3 also explain a significant part
of the variance. This is likely due to differences in the size
of the tussocks, the intensity of green on the image, and
large-scale spatial trends on the pictures such as the de-
pressed intensity of green coloring at the center of the
image.

Transplant Experiment

Performance of Carex stricta transplants clearly showed
that inhibition of growth by aboveground competition var-
ied with distance from tussock centers ( -distance # com
petition interaction: , , ; fig.F p 6.22 df p 1, 49 p p .0042
3). The treatment responsible for driving this variation

Figure I: Experimental evidence of scale-dependent feedback. Carex stricta
was transplanted at varying distance from tussock centers with and without
aboveground standing crop. From Van de Koppel and Crain (2006).
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hysteresis between states of spots and stripes

comes from such a system as well (34, 35).

Most theoretical approaches to self-

organized patchiness in ecosystems are

based on the same framework of models as

are used to explain pattern formation in

chemical systems and biological pattern for-

mation on sea shells (32) and animal coats

(36). Here, we concentrated on the overlap

between ecosystems exhibiting both self-

organized patchiness and catastrophic shifts

due to global bistability. The resource concen-

tration mechanism invoked

by ecosystem engineers

provides a general expla-

nation, because ecosystem

engineers at low densities

may be unable to harvest

resources from the sur-

roundings. We suggest that

all ecosystems with self-

organized patchiness re-

sulting from a resource

concentration mechanism

will also exhibit cata-

strophic shifts.

Challenges Ahead

Linking self-organized

patchiness with cata-

strophic shifts by the

resource concentration

mechanism may help to

bridge the present gaps

among theory, observation,

and management (2). The

link may be crucial to a

predictive theory of cata-

strophic shifts from which

early-warning systems can

be developed on the basis

of spatial explicit time-

series data. This is because

predictable forms of self-

organized patchiness may

indicate imminent cat-

astrophic shifts if resource input decreases

in time (Fig. 3). For instance, the spotted state

may develop only when resource input is de-

creased, not when it is increased. This means

that a snapshot in time of a spotted state would

already indicate imminent catastrophic shift.

Human management strategies could be

directed toward preserving and restoring

self-organized patchiness and its natural

resource concentration function (12, 37).

Vegetation structures in resource-poor agro-

ecosystems, such as the African Sahel, may

lose this function because of overgrazing by

cattle, leading to catastrophic shifts to a

desertified ecosystem state. Adequate graz-

ing management of rangelands and patchy

crop production to conserve resources in

marginally arable lands may help to optimize

productivity, thereby preventing such cata-

strophic shifts.

Although this is a promising perspective,

we are far from quantitative predictions. For

that, we need to move away from models that

ignore space and therefore generate only

qualitative predictions. A key question con-

cerns how local geological and soil differ-

ences, seasonality in rainfall, and random

processes affect self-organized patchiness

and ecosystem resistance against catastroph-

ic shifts. Furthermore, the fact that self-

organized patchiness and catastrophic shifts

may occur at different spatial and temporal

scales (11, 12) provides new perspectives for

fine-scale and relatively short-term experiments

to predict large-scale self-organized patchi-

ness and catastrophic shifts in ecosystems.
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hysteresis exists is between these dotted arrows. Solid arrows represent development
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depending on initial ecosystem engineer densities.
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Figure 1.2: Self-Organized patterns as indicator for catastrophic shifts in
ecosystems. . The bifurcation graph describes changes in equilibrium vegetation
biomass as a function of environmental stress level. The insets maps of patterned
vegetation: the dark colour represents vegetation and the light colour represents
bare soil. From Rietkerk et al. (2004).

Why are self-organized spatial patterns important in
ecology?

Theoretical models highlight that self-organized spatial patterns may have
a wide variety of effects on the functioning of ecosystems (Kefi et al.,
2007; Rietkerk et al., 2004) and ecosystem services (Pringle et al., 2010;
van de Koppel et al., 2005; Gilad et al., 2004), in the form of increased
productivity and ecological resiliencie. Self-organized ecosystems can foster
high biodiversity and productivity, and improve the ability to withstand
disturbance from external factors, typically referred to as resilience and
robustness. This implies that self-organized ecosystems can continue to
work when perturbed or when affected by adverse external factors or the
failure of internal components (see Figure 1.2). For certain circumstances,
the ecosystem may reconfigure when required, degrading in performance
gradually rather than exhibiting a catastrophic transition. Finally, spatial
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patterns can be used as indicator for imminent catastrophic shifts in
ecosystems (Figure 1.2), highlighting the potential application of self-
organization theory for ecological management and conservation (Rietkerk
et al., 2004; Scheffer et al., 2009; Dakos et al., 2011; Kefi et al., 2007).

Despite of a wealth of possible applications, it remains a big challenge
to simply explain observed spatial patterns in terms of the underlying
mechanisms and the ecological processes on which these are based. Ecolo-
gists typically present self-organization theory as a putative explanation for
spatial patterns observed in nature, but little evidence is generally presented
that unravels the causality of pattern formation. Only rarely are alternative
hypotheses about the mechanisms underlying observed patterns tested,
or even compared (but see Eppinga (2009) and van de Koppel and Crain
(2006)). Moreover, whether these alternate mechanisms affect the emergent
properties of spatial self-organization for the functioning of ecosystems
remains mostly unknown.

Mussel beds: a self-organized ecosystem

Large aggregations of mussels, generally called mussel beds, are a common
feature of intertidal flats and subtidal areas in the Wadden Sea. Mussel
beds can be between 1 to 10 ha in size (see Figure 1.3). Mussels are
an important component of intertidal ecosystems and a Major resource
for aquaculture (van Leeuwen et al., 2010; van Leeuwen, 2008). Mussels
consume the algae by filtering them from the overlying water layer, which
is carried up onto the mussel bed by the tidal water flow. Because algae
in the lower boundary layer are quickly depleted by mussels, mussels
can affect algal concentrations over extensive spatial scales. On short
timescales, exchange of water with higher water layers may replenish algal
concentration in the benthic boundary later, but ultimately the main source
of algae comes by far from the incoming tidal water (van de Koppel et al.,
2005).

Large-scale patterns in mussel beds

Beds of young blue mussels in the Wadden Sea are typically characterized
by banded patterns that are aligned perpendicular to the average incoming
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Figure 1.3: Photo of mussel beds in Wadden Sea (Photograph provided by Norbert
Dankers). Mussel beds with strikingly regular striped patterns were observed on
intertidal flats.

tidal flow, and have a wavelength of approximately 6-10 meters. Within
these bands, mussels can reach high densities of over 30 kg per square
meter fresh weight (about 500 g dry biomass), alternating with almost bare
sediment in the inter-band areas (van Leeuwen, 2008; van Leeuwen et al.,
2010; Snover and Commito, 1998). These strikingly regular spatial patterns
are found on homogenous tidal flats, which led to the hypothesis that they
result from self-organization processes, caused by the interactions between
facilitation at local scales and competition between individual mussels for
algae at large scales (van de Koppel et al., 2005).

Van de Koppel et al. (2005) provided a potential explanation for
the emergence of large-scale banded patterns, based on scale-dependent
feedback processes. The model assumes that facilitation between mussels,
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resulting from reduced losses due to predation and wave dislodgement
within dense aggregations, as mussels bind to each other using byssus
threads to form strong clusters and mats. Dense aggregations of mussels,
however, will cause a strong competition for the limited availability of algal
food, the effect of which may carry over extensive distances due to tidal
flow. Therefore, algae act as a long-range inhibitor to limit mussel growth.

The blue mussel is an ecosystem engineer, in that it can exert substantial
effects on its physical surroundings (van Leeuwen et al., 2010; van Leeuwen,
2008). Mussels modify their own habitat by accumulating large amount of
sediment underneath the mussel mat. This way, mussel beds will influence
total density and the distribution of fine sediments at both small and large
scale (Hunt and Scheibling, 2001; Hunt et al., 2003). This can influence
the foraging efficiency of the mussels, as the increased elevation, resulting
from sediment accumulation, improves access for the mussels to the algal
food in higher water layers. However, feedback that results from sediment
accumulation on mussel bed pattern formation still has not been studied,
neither theoretically, nor experimentally.

In this thesis, with regard to the feedback between sediment accu-
mulation and mussel bed development, I address the following research
question:

RQ 1: Can feedback between sediment accumulation and mussel growth provide
an alternative mechanistic explanation for pattern formation in mussel beds?
Also, how does it affect ecosystem functioning?

Small-scale patterns in mussel beds

In the past years, a new type of spatial self-organization has been discovered
in mussels beds that results from behavioral, rather then demographic
processes. Here, mussels actively aggregate to form string and net-
shaped clumps (Figure 1.4A). Experiments showed that this form of pattern
formation is completely driven by active movement by the mussels (van de
Koppel et al., 2008). Pattern development at this small scale is strikingly
fast, where mussels aggregate into patterns from homogeneous starting
conditions within hours.

This kind of small-scale patterns in mussel beds, which I call behavioral
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self-organization, is remarkably different from Turing’s activator-inhibitor
principle. According to the activator-inhibitor principle, spatial differentia-
tion of growth conditions, caused by scale-dependent interactions between
organisms, is a prerequisite for pattern formation to occur. Moreover,
this activator-inhibitor principle requires at least two species to interact.
Pattern formation in mussels occurs in just a single species. Second, the
self-organization process results from animal movement rather than from
growth and mortality processes.

(A)

(B)

Figure 1.4: Two ecosystems with patterning at multiple spatial scale. (A) Aerial
images of mussel beds at different spatial scales, rope-shaped aggregation at less 1 m
scale (left), banded patterns at 1-10 m scale (midd), concentrated beds at more than
100 m scale (right), pictures by Johan van de Koppel (left), Norbet Dankers (middle
and right). (B) Image of seagrass bed in Shark Bay, with patterns at multiple spatial
scales, picture from Google Earth.

Physical theory provides a suitable explanation for autonomous self-
organization caused by movement processes, when explaining the phe-
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nomenon of phase separation. Phase separation occurs where a single or two
homogenously distributed chemical or physical species are separated into
two spatial regions because of a dependence between movement velocity
and local density. This mechanism was originally proposed by Cahn and
Hilliard in the 1950s (Cahn and Hilliard, 1958). Recent experiments with
mussels revealed that an essential element of aggregative pattern formation
in mussel beds is that, similarly, movement is density dependent, where
speed is negatively related to local mussel density (van de Koppel et al.,
2008). Hitherto, the phase separation principle has mostly been applied
in other, non-ecological disciplines, such as multiphase fluid flow, mineral
exsolution and growth, and biological applications (Cohen and Murray,
1981; Bray, 2002; Cates et al., 2010). So far, no theory exists that provides
a general explanation for movement-based self-organization in ecological
systems. This points at a possibly very new principle of ecological self-
organization, and possibly a new, ecological application for the, so-far,
physical principle of phase separation.

Hence, in this thesis, I will address the research question:

RQ 2: Can behavioral, movement-based self-organization, as found in mussels but
also in other ecosystems, be interpreted as a new ecological form of phase
separation?

Multiple-scale patterns in mussel beds, do they matter?

A prevalent characteristic of life is its complexity at many levels of
organization (Camazine et al., 2003; Parrish and Edelstein-Keshet, 1999).
Self-organization is found in many biological processes (Meinhardt et al.,
2003), ranging from early morphogenesis to ecosystem formation. Pro-
cesses underlying spatial-self-organization can be molecular, enzymatic,
behavioral, or demographic in nature. Theoretical studies of spatial self-
organization in ecosystems, however, have for the mostly focused on
single mechanisms when explaining pattern formation. Whether and
how different mechanisms of spatial self-organization interact to shape
complexity in ecosystems, remains largely unstudied.

As already mentioned above, an extensive body of literature has focused
on the causes and implications of regular patterns formation in ecosystems.
However, current understanding limits itself to regular spatial patterns
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occurring at a single, fixed spatial scale. A number of observations suggests
that spatial patterns can well occur at multiple scales within communities,
one nested within the other. An example of this can be found in mussel
beds (see Figure 1.4). For nested patterns in mussel beds, the small-scale
patterns develop at scales of approximately 10 cm, while the other occur
at large spatial scales of approximately 5-10 meters. Mussel beds are not
a unique example of the occurrence of nested patterns. A similar nested
pattern can be found in seagrass beds found in Shark bay (see Figure 1.4).
As far as we know, self-organized, multiple-scale spatial patterns have not
previously been investigated in ecology. Therefore, I ask the follow research
question.

RQ 3: What ecological mechanisms drive the spatial patterns that appear at
multiple spatial scale in mussel beds? How do they affect the functioning
of mussel bed ecosystems?

Does spatial heterogeneity affect the emergent properties of self-
organized spatial patterns?

As mentioned above, theoretical models highlight that self-organized
spatial patterns can have important emergent effects on the functioning of
ecosystems, for instance by increasing productivity, affecting the vulnerabil-
ity to catastrophic shifts, and enhancing ecosystem persistence. However,
most theoretical studies presume idealized, homogeneous environmental
conditions, for instance by assuming a flat underlying landscape and
an even influx of limiting resources. Field observations reveal that
conspicuous large-scale gradients can occur, most likely resulting from
changed environmental conditions, as found for instance in semiarid
vegetation, or in mussel beds (see Figure 1.5). How does this spatial
heterogeneity affect the emergent properties of the patterns? This question
still is not clarified, neither in theoretical nor in experimental studies.

Mussel beds growing on intertidal mudflats are typically revealing
strong heterogeneity in the properties of the spatial patterns, where thick
bands are found at the sea side, while thinner bands are found as one
moves onto the tidal flat. A possible explanation for this is that they
are affected by large-scale food availability to the mussels. Models that
apply homogeneous settings predict that beds are more productivity when
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(A)

(B)

Figure 1.5: Field observation of spatial gradients in patterning in ecosystems. (A)
Image of vegetation distribution in semi-arid regions in Niger (13o24’40.21”N,
1o52’53.88”E, picture from Google Earth). It displays large-scale change in
patterning change from dense labyrinth patterns on a hill plateau to striped patterns
on the hill slope (right side to left side). (B) Aerial photograph displaying a gradient
in patterning as observed in mussel beds in the Wadden sea.

they are patterned, but also more vulnerable to regime shifts at low
algal availability or high wave disturbance rates. However, whether
these predictions still hold when large-scale gradients in environmental
conditions are imposed in the model, remains unknown. Hence, using self-
organized mussel beds as a case study, we address the following question.

RQ 4: What are the effects of self-induced gradients in food availability, generated
by depletion of algae in higher water layers by the mussels, on the functioning
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of self-organized mussel beds?

To answer this question, we assume that algae enter the system with
the tidal water flow from the seaward boundary, and model their gradual
depletion using a multilayer description of the water column. The
theoretical predictions are compared with observations from real mussel
beds.

Outline of the thesis

In this thesis, I will examine which are the dominant processes that explain
pattern formation in mussel beds. Moreover, I will study how these
processes affect ecosystem functioning, in term of productivity, resilience,
and whether the patterns can be used as indicator for imminent collapse
of mussel beds. My studies include field data, laboratory experiments,
and mathematical models. Although these studies are based on a specific
ecosystem —mussel beds—the conclusions have abroad implication that, in
principle, should apply to different ecosystems.

In Chapter 1, I give an overview of the theory of spatial self-organization,
where I will explain the questions that I have studied, and why they are
current and important.

In Chapter 2, I pose alternative mechanisms to explain self-organization
in mussel beds, based on field surveys of the relationship between sediment
accumulation and mussel growth and density. By comparing a newly
proposed mechanism with previous mechanisms explaining mussel bed
patterning, we study whether the emergent properties, in term of ecological
resilience, and productivity, are strongly dependent on the mechanistic
explanation of pattern formation.

In Chapter 3, based on recent experiment results, I have reanalyzed
the process of aggregative pattern formation of mussels. Here, we reveal
a new class of self-organization mechanism, which is different from the
well-known activator-inhibitor principle as developed by Turing. We prove
mathematically that this new mechanism is similar to the physical principle
of phase separation.

In Chapter 4, I study the origin and consequences of the nested
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spatial patterns that many mussel beds exhibit. To understand underling
mechanisms and the implications for ecosystem functioning of this complex
nested patterning, I have developed an individual-based mathematical
model. This model highlights how behavioral and demographic processes
of pattern formation interact to determine the productivity and resilience of
mussel beds.

In Chapter 5, using self-organized mussel beds as a case study, we
study the implications of spatial heterogeneity for the functioning of self-
organized ecosystems. The results, both mathematical and empirical,
suggest that the physical context in which mussel beds exist (tidal water
influx from the side of the bed containing the algae) generates strong,
self-induced spatial heterogeneity in the patterning observed in mussel
beds. Using our model analysis, we study how spatial heterogeneity in
pattern properties affects the productivity and vulnerability of mussel bed
ecosystems.

In Chapter 6, we compare the results that we obtained in chapter 3 with
other studies in the literature. Current concepts of self-organized spatial
patterns are mostly based on demographic processes involving organism
growth, birth and mortality processes. In this chapter, I review a wide range
of studies that point at density-dependent movement when explaining
self-organized pattern formation, with examples from bacterial biofilms,
ant behavior, and social insects. Our review highlights that density-
dependent movement leads to self-organized patterns in many ecosystems,
highlighting a new, previously ignored principle of spatial self-organization
for ecological systems.

In Chapter 7, I will give a brief summary of my thesis, and provide a
perspective on future questions about spatial self-organization that arise
from the results presented in this thesis.
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Abstract

Theoretical models predict that spatial self-organization can have
important, unexpected implications by affecting the functioning of
ecosystems in terms of resilience and productivity. Whether and
how these emergent effects depend on specific formulations of
the underlying mechanisms are questions that are often ignored.
Here, we compare two alternative models of regular spatial pattern
formation in mussel beds that have different mechanistic descriptions
of the facilitative interactions between mussels. The first mechanism
involves a reduced mussel loss rate at high density owing to mutual
protection between the mussels, which is the basis of prior studies on
the pattern formation in mussels. The second mechanism assumes,
based on novel experimental evidence, that mussels feed more
efficiently on top of mussel-generated hummocks. Model simulations
point out that the second mechanism produces very similar types
of spatial patterns in mussel beds. Yet the mechanisms predict a
strikingly contrasting effect of these spatial patterns on ecosystem
functioning, in terms of productivity and resilience. In the first model,
where high mussel densities reduce mussel loss rates, patterns are
predicted to strongly increase productivity and decrease the recovery
time of the bed following a disturbance. When pattern formation is
generated by increased feeding efficiency on hummocks, only minor
emergent effects of pattern formation on ecosystem functioning are
predicted. Our results provide a warning against predictions of
the implications and emergent properties of spatial self-organization,
when the mechanisms that underlie self-organization are incompletely
understood and not based on the experimental study.
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Introduction

O
ver the past decade, a number of studies have reported on self-
organized spatial patterns from a wide range of ecosystems (Rietkerk

and Van de Koppel, 2008). Examples include arid ecosystems (Klausmeier,
1999), savannahs (Pringle et al., 2010; Lejeune et al., 2002), tidal freshwater
marshes (van de Koppel and Crain, 2006), intertidal mudflats (Weerman
et al., 2010) and mussel beds (van de Koppel et al., 2005, 2008). Spatial
patterns have been deemed important as changes in their shape can be used
as early signals for forthcoming catastrophic shifts to alternative, degraded
regimes (Rietkerk et al., 2004; Scheffer et al., 2009). Furthermore, self-
organized spatial patterns are predicted to have important implications for
ecosystem functioning, in terms of increased productivity and resilience
(Rietkerk and Van de Koppel, 2008; Pringle et al., 2010; van de Koppel
et al., 2005), maintaining high biodiversity (Kareiva and Wennergren, 1995;
Gilad et al., 2004) and sediment accumulation (Larsen and Harvey, 2010;
Weerman et al., 2010). Understanding how spatial patterns affect ecosystem
functioning is critical for the conservation of these unique and highly valued
ecosystems.

Although many studies put forward mechanistic explanations for
observed patterns based on proposed interactions between organisms
and environmental variables, empirical support is often limited, and
alternative mechanisms are only rarely considered. However, alternative
mechanisms that equally explain the observed spatial pattern are often
easily derived (Eppinga et al., 2009; van de Koppel and Crain, 2006). The
choice of mechanistic formulation, however, can potentially have important
consequences for the emergent effects of patterning as predicted by the
models, limiting our understanding of whether and how spatial patterns
influence ecosystem functioning. Hence, it is imperative to consider and
compare alternative model formulations when addressing the emergent
effects of spatial patterns on the functioning of natural systems.

Here, we propose and compare two models with alternative mechanistic
explanations of self-organized spatial patterns in young mussel beds on
intertidal flats. Large aggregations of the blue mussel (Mytilus edulis), called
mussel beds, are commonly found in intertidal soft-bottom substrates,
and vary in size from ten to one hundred thousand square metres (van
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Leeuwen et al., 2010; Snover and Commito, 1998; Kostylev and Erlandsson,
2001). The adaptive value of aggregation mainly relates to reduction of
wave disturbance and predatory losses (Bertness and Grosholz, 1985; Cote
and Jelnikar, 1999; Hunt and Scheibling, 2001), improving mussel survival.
Aerial surveys of mussel beds in the Wadden Sea revealed that aggregation
can result in the formation of regular patterns (van de Koppel et al., 2005).
van de Koppel et al. (2005) explained the formation of these patterns by the
interplay of local facilitation and large-scale competition for algae, inducing
spatial self-organization. This model assumes that facilitation between
mussels, resulting from aggregation, reduces losses owing to predation and
wave dislodgement, as mussels bind to each other using byssus threads to
form strong clusters and mats. We will refer to this model as the ‘decreased
losses feedback’.

The blue mussel is an ecosystem engineer that substantially affects its
physical surroundings (Jones et al., 1997, 1994; Wright and Jones, 2006).
Mussels influence both the deposition and transport of fine sediment
towards the mussel bed (van Leeuwen et al., 2010; Anderson, 2008;
Wood and Widdows, 2002), which leads to the formation of hummocks
underneath patches of mussels. On top of these elevated hummocks,
mussels may have improved access to algal food, as the decreased water
depth increases water flow, and thereby locally alleviates algal depletion.
This will lead to a higher net growth on the hummocks, and hence
constitutes an alternative positive feedback mechanism. We will refer to
this hypothesized process as the ‘sediment accumulation feedback’ (see
Figure 2.2).

In this paper, we construct and compare alternative models based
on either the decreased losses feedback or the enhanced sedimentation
feedback. First, we present field observations indicating the presence of
feedback via sediment accumulation, as an alternative to the decreased
losses feedback assumed earlier. We then examine how the alternative
mechanisms affect the spatial shape of the predicted patterns, and
use bifurcation analysis to study how the properties of the patterned
equilibrium change with decreased algal supply rates. We focus our analysis
on the emergent properties of the predicted patterns in terms of the carrying
capacity for mussels, vulnerability to catastrophic shifts and the resilience to
disturbances. We discuss the implications of our results for the study of the
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emergent effects of spatial self-organization in ecological systems.

Empirical observations

(a) Methods

We tested the hypothesis that on top of elevated hummocks, mussel biomass
or density is higher as mussels have improved access to algal food, against
the alternative hypothesis that biomass or density is highest at the up-
flow side of each mussel patch, as they experienced a minimal level of
competition from mussels upstream. For this, we conducted a field study on
a striped mussel bed near Schiermonnikoog, The Netherlands (53.46798◦N,
6.22494◦E). We sampled mussels at the front, middle and rear position of a
mussel hummock (samples covered about 0.0314 m2) and took the samples
to the laboratory for analysis. Relative elevation was determined using a
Trimble laser level (www.trimble.com). Dry biomass per square metre and
individual weight of five mussels were determined after drying at 80◦C for
28 h.

(b) Results

The results showed that mussel density and biomass are significantly higher
in the middle compared with the front or rear positions ( Figure 2.1 A,B; one-
way ANOVA, biomass: F2,30 = 8.4258, p < 0.001; density: F2,30 = 10.153,
p < 0.001). This suggests that mussel survival or growth is higher at
the top of a hummock, compared with the sides. Moreover, regression
analysis of the relation between mussel density and sediment elevation
reveals that sediment elevation is positively related to mussel density
(Figure 2.1C; analysis with general linear model, p < 0.001). These results
point at the possible importance of sediment accumulation and subsequent
hummock formation for mussel growth. Our results suggest that sediment
accumulation is a possible alternative mechanism for local facilitation,
as mussels improve their own growth and that of local conspecifics by
accumulating sediment underneath them.

Here, we propose a new hypothesis, based on these empirical
observations, which suggests that a positive feedback exists between
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Figure 1.

Figure 2.1: (A,B) Differences in mussel density/biomass among the front, middle
and rear positions within a mussel band, where error bars denote ±1 s.e.m. The
characters on top of the bars denote significant differences between the treatments
based on Tukey’s honest significant difference post hoc analysis of variance. (C)
Effect of sediment accumulation on mussel density and biomass.
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sediment accumulation and mussel growth. A likely mechanism for this
is increased water velocity at the top of hummock compared with the
bottom of the hummock, as the water is forced through a smaller cross-
section. This will lead to an increase of the local algal supply rate at the top
compared with the bottom of the hummock. Moreover, this can enhance
water renewal and vertical transport, which is determined by flow-induced
turbulence (Humphries, 2009; Widdows et al., 2002). Our hypothesis is in
close agreement with the current understanding of hydrodynamics, which
predicts that the top of the hummock experiences a faster water velocity
than the bottom of the hummock (Humphries, 2009; Widdows et al., 2002).

Models of pattern formation in mussel beds

Here, we develop and compare two spatially explicit models that formalize
alternative mechanisms for the local facilitation process. The first
mechanism involves a positive effect of mussel density on mussel survival
rates, as clumping and attachment to other mussels with byssus threads
reduces chances of predation and wave dislodgement. This mechanism is
the central hypothesis of a prior paper on self-organized pattern formation
in mussel beds (Rietkerk and Van de Koppel, 2008; van de Koppel et al.,
2005). The second mechanism involves a positive relation between feeding
efficiency and sediment accumulation, which is based on the results of the
field survey presented in the prior section. Both models involve the same
large-scale negative feedback arising from algal depletion by the mussels.
Figure 2.2B shows a schematic of the state variables and the non-spatial
processes that are considered in this study, where the two labels (i) and (ii)
denote the two alternative positive feedbacks as mentioned above.

(a) A general spatial model

We start by constructing a general continuous-time spatial model for spatial
pattern formation in mussel beds. On intertidal flats, the filtration of
algae by mussels occurs mostly in the lower water layer (Wildish and
Kristmanson, 1984; Muschenheim and Newell, 1992). Algal food is supplied
to this layer by influx of algae from the upper water layer and by lateral
transport of algae through tidal currents. Under the simplifying assumption
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Figure 2.2: Landscape of mussel banding and two possible mechanisms. (A)
Photograph of banded mussel patterns, clearly showing the mussels on top of
hummocks of accumulated sediment. (B) Schematic of the state variables and the
non-spatial processes in the models. The new model consists of three state variables,
represented by compartments in the diagram: algae concentration in the lower
water layer, mussel biomass and sediment accumulation. Algae concentration in
the benthic boundary layer is determined by the exchange with the upper water
layer, the tidal flow and the consumption by the mussels. Arrows indicate flows of
mussel biomass, algae and sediment from one compartment to the other. (i) and (ii)
represent the two alternative mechanisms: mussel aggregation as a direct promoter
and sediment accumulation as an indirect promoter, respectively.

that the upper water layer is not affected by the consumption of the mussels
(van de Koppel et al., 2005), changes in the concentration of algae A in the
lower water layer overlying a particular location (X,Y ) on the mussel bed
can be expressed as

∂A

∂T
= f(Aup −A)− G(S)AM + V

∂A

∂X
. (2.1)

Here Aup is the concentration of algae in the surface layer; f is the rate of
mass transfer between the benthic boundary layer and the rest of the water
column. The second term represents the uptake of algae by the mussels,
assuming a linear relation between mussel uptake and algal concentration,
where the coefficient G(S) describes the specific algal consumption rate of a
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mussel per unit algae, as a possible function of the accumulated amount of
sediment. The algae influx is driven by advection induced by tidal currents,
which is represented by the gradient operator ∂A/∂X multiplied by the
advection constant V .

Mussel growth and mortality in soft-sediment mussel beds are mostly
determined by the availability of algal food and by wave dislodgment and
predation. We therefore describe the rate of change of mussel biomass per
square metre with the expression:

∂M

∂T
= eG(S)AM − L(M)M +DM∇2M. (2.2)

Here, the parameter e describes the conversion constant of ingested algae
to mussel biomass. The second term is used to represent all losses
in biomass owing to wave dislodgment and mortality (e.g. predation).
Furthermore, the movement of mussels is described by the classical
diffusion approximation, where diffusion is a linear function of the
Laplacian operator∇2M with diffusion coefficient DM .

(b) Reduced losses model

A large number of papers in the literature show that by generating clumps,
mussels can reduce their losses to predation and wave dislodgement.
Following this observation, van de Koppel et al. (2005) proposed a scale-
dependent mechanism in which locally increased density of mussel reduces
mussel mortality, which generated a local positive feedback. The relation
between loss rate and mussel density in equation (2.2) was given by

L(M) = dM
kM

kM +M
. (2.3)

Here, kM is the value of mussel biomass at which mortality is half-maximal,
and dM is the maximal per capita mussel mortality rate. The concept and
algorithm details and descriptions of the coefficients can be found in (van de
Koppel et al., 2005) and electronic supplementary material, Table 2.A1 in
appendix 2.A. This model assumes a constant algal uptake coefficient (e.g.
G(S) = 1).
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(c) Sediment accumulation model

Below, we construct an alternative model that includes the feedback
between sediment accumulation induced by the mussels and improved
uptake of algae by these mussels, reflecting the results of our field survey.
First, we need to describe the rate of accumulation of sediment as a function
of local sedimentation and erosion processes. We assume that sedimentation
is mostly the result of the filtration activities of mussels, while erosion is
proportional to the amount of sediment present:

∂S

∂T
= k1M − dSS +DS∇2S. (2.4)

Here S is defined as the sediment deposited by the mussels on top of the
pre-existing tidal flat surface, k1 describes the deposition of sediment in the
form of pseudofaeces per unit mussels, while dS describes the proportional
rate of erosion of sediment. Sediment is assumed to disperse in a diffusive
manner, proportional to a diffusion constant DS , because of the effects of
water flow and hydraulic diffusivity, where the dispersive scale of sediment
is greater or equal to that of the mussels.

We now have to include in the model that sediment accumulation
enhances mussel growth by increasing water flow rate, thereby enhancing
algal availability. Rather than explicitly modelling water flow over a
morphologically dynamic landscape, we adopt a simplifying approach
where the specific uptake function G(S) increases with sediment elevation
(i.e. ∂G(S)/∂S > 0) up to a maximum c (limS→+∞ G(S) = c, where
c > 0). Thus, the uptake feedback is modelled as a monotonously
increasing function of sediment elevation; the higher the elevation, the
higher the uptake rate and the more algae are consumed by the mussels.
The explicit dependence of sediment accumulation is chosen as G(S) =

c(S + kSg)/(S + kS ), where c and g are constant. Parameter c defines the
maximum uptake rate (per hour), kS is the saturation constant of sediment
accumulation (in centimetres per square metre) and g sets the proportion
of G(S) that is attained when the sediment level is zero, and thus equal
to the background sediment level (dimensionless). Hence, when S → 0;
G(S) = G(0) = cg. As g gets closer to 1, the uptake coefficient G(S) levels off
to a maximum. A small g imposes a stronger positive-feedback effect of the
sediment on the uptake rate. This scenario closely follows our assumption
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that the positive effect of sediment accumulation acts through the hummock
development. With this mechanism, we assume a constant mussel loss
rate (e.g. L(M) = dM ). First, we construct a null model, which includes
the algae, mussel and sediment, but not the positive feedback of sediment
accumulation (i.e. G(S) = 1). It becomes a trivial model by removing the
redundant variable sediment under this specific condition. Of course, there
is no pattern solution. Therefore, we do not study it further.

Table 2.1: Mathematical formulations of the decreased losses feedback (DLF) model
and sediment accumulation feedback (SAF) model, as well as the number of possible
states predicted by the model when not patterned.

Model equationsa feedback stableb

DLF model
algal ∂A

∂T
= f(Aup −A)− G(S)AM + V∇XA L(M) = dM

kM
kM+M

mussel ∂M
∂T

= eAM − L(M)M +DM∇2M G(S) = 1 monosta-
bility

SAF model
algae ∂A

∂T
= f(Aup −A)− G(S)AM + V∇XA L(M) = dM

mussel ∂M
∂T

= eG(S)AM − L(M)M +DM∇2M G(S) = c
S+k

S
g

S+k
S

bistability
sediment ∂S

∂T
= k1M − dSS +DS∇2S

aThe subscript T denotes the partial time derivative.
bHere, the stability indicates the ODE system rather than PDEs system. However, the

stability of patterned solutions can be obtained by AUTO and Wavetrain software (Sherratt,
2012).

The mathematical formulation of the reduced loss model and the
sediment feedback models are presented in Table 2.1. Electronic supple-
mentary material, Table 2.A1 in appendix 2.A provides an overview of
the parameter values used their units, and explanation. The estimation of
parameter values is based on previous studies and is explained in electronic
supplementary material, appendix 2.A.

(d) Model analyses

To investigate the effect of the alternative feedback mechanisms on spatial
pattern formation, we performed a two-dimensional numerical simulation
of the models derived above. The spatial patterns result from Euler
integration of the finite-difference equations with discretization of the
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diffusion and advection operators (van de Koppel et al., 2011). The models’
predictions were examined for different grid sizes and physical length. We
used a rectangular spatial grid with a unidirectional water flow in the x
direction driving the advection. We adopted periodic boundary conditions
in the flow direction to mimic predepletion of the water by the bed
surrounding the simulated domain. Reflecting boundaries were adopted
in the other direction. Starting conditions consisted of a homogeneous
equilibrium with a slight random perturbation.

An important focus is the question of whether the models’ predictions
differ with regard to the effects that patterns have on the functioning of the
mussel bed, in terms of (i) bed-wide production of biomass and (ii) resilience
to disturbances. To answer the first question, we studied the difference in
predicted mussel biomass at equilibrium, comparing the average biomass
in the patterned and the homogeneous state. This difference, however,
is sensitive to changes in, for instance, the algal input concentration
(Aup), which is the parameter that clearly distinguishes different intertidal
habitats. We therefore analysed the changes in the models’ predictions with
respect to this parameter using spatial bifurcation analysis (Champneys,
1998; Yochelis and Garfinkel, 2008), which is an effective method to study
the emergence of spatial patterns and their implications in relation to forcing
parameters (Yochelis and Garfinkel, 2008; Sherratt and Lord, 2007; Wang
et al., 2009). Bifurcation analyses were performed using the bifurcation
package AUTO-07p (Doedel et al., 2009).

The second question concerns the effects that the alternative mechanism
has on resilience, in terms of the time required to return to equilibrium. A
recent study (van de Koppel et al., 2005) has shown that in mussel beds,
self-organized spatial patterns improve the resilience to perturbation. To
study the effect of the alternate mechanisms on ecological resilience, we
compared the recovery time after perturbation with the preperturbation
equilibrium in three simulation cases, following the previous study of van
de Koppel et al. (2005). Here, the recovery time (τ ) is defined as the
period taken for mussel biomass to reach 0.97 Meq from a 0.9 Meq (or
0.5 Meq) perturbation from the previous equilibrium, where Meq refers to
equilibrium biomass. We implement the simulation based on the spatial
scale of two wavelengths, and adopt bidirectional advection for the algal
differential equation, where advection direction switches sign every 6 h.
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Bidirectional advection includes both the ebb tide and flood tide processes,
which leads to the development of stationary patterns that allow for
measurement of the return time to equilibrium. Both the unidirectional and
bidirectional set-up generate qualitatively similar results, but equilibrium
biomass in the unidirectional set-up is intrinsically fluctuating because of
the movement of the banded solution.

Results

(a) Results of model analysis

Comparison of the predictions of the models reveals that very similar spatial
patterns develop, irrespective of the type of facilitative interactions between
mussels (Figure 2.3). In both models, a regular pattern develops of mussels
ordered in bands, oriented perpendicular to the orientation of the tidal flow.
The new sediment accumulation model reveals a similar pattern of sediment
elevation, the additional component relative to the reduced-losses model,
reflecting the pattern within the mussels. This results in a landscape of
regularly placed sediment hummocks with high mussel biomass on top
of the hummocks (Figure 2.3), in which the ridges and hollows are again
oriented perpendicular to the direction of the tidal flow. In all models, the
formation of patterns depends strongly on the presence of initial variation
in biomass, sediment level or algal concentration, as no patterning develops
if the starting conditions are entirely homogeneous. This reveals that spatial
interactions are a key mechanism explaining pattern formation. Hence, the
patterns that are generated by the model indicate that growth facilitation via
accumulation of sediment is a valid alternative explanation for the observed
patterns in mussel beds on intertidal flats.

Bifurcation analysis revealed a clear effect of algal supply on the
characteristics of the patterned mussel beds, where the presence of
patterning strongly depended on the value of algal input Aup. Both the
decreased losses model and the sediment accumulation model have a
homogeneous, non-zero state for all Aup values above a minimum Acup
(see electronic supplementary material, appendix 2.A for mathematical
solutions of the homogeneous states). This state is represented by a solid
black line in Figure 2.4. Mussel biomass and sediment accumulation
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Figure 2.3: Two-dimensional numerical model simulations mimicking mussel
banding, representing an aerial view of the mussel bed on a square intertidal flat
area of 50× 50 m. For the simulation, the parameter values are reported in the
electronic supplementary material, appendix 2.A. (A) The decreased losses feedback
model that uses mussel aggregation as promoter. (B) The sediment accumulation
feedback model, where sediment accumulation is used as promoter.

decrease monotonously with declining algal supply rate until mussels
cannot maintain themselves on the intertidal flat for lack of food. For
both models, this uniform state is stable (solid line) at algal supply values
greater than a critical value AT1up. Below this threshold value, the uniform
state becomes unstable to spatially heterogeneous perturbations, referred
to as Turing instability in the literature (Murray, 2002). This implies that
small spatially heterogeneous disturbances are inflated, and regular spatial
patterns will emerge, as shown in Figure 2.3. In both the decreased
losses feedback and sediment accumulation feedback models, the patterned
system is globally stable up to algal supply rates at Aup = Acup. When
algal concentration is in the range AT2up < Aup < Acup, the system has
two attracting states, where one state is characterized by spatial patterns
(solid red line in Figure 2.4; represents maximal mussel biomass), while
the other is a uniform state with no mussels. This result suggests that
spatial self-organization allows mussels to persist at algal concentrations
that would not permit survival of mussels in a homogeneous bed. Beyond
the last threshold, the patterned state collapses and only a homogeneous
state without mussels is found (Aup < AT2up). Here, the thresholds AT1up and
Acup can be derived analytically following a standardized linear analysis
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(Murray, 2002). However, the critical valueAT2up is impossible to predict with
the standardized linear analysis of pattern solutions because it is caused by
a spatially nonlinear effect.
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Figure 2.4: Bifurcation diagram of mussel biomass based on spatial solutions.
The solutions are plotted in terms of mussel biomass M versus the bifurcation
variable Aup, which determines algal supply. All the solutions are obtained by
integration of dimensionless parameters via AUTO-07p within a periodic domain,
and their stability was determined using a numerical eigenvalue method, as shown
in Figure 2.A1 in Appendix 2.A. Solid lines mark stable portions of the branch; the
coloured rectangular regions (including both the pink and the grey area) represent
the spatially patterned state, characterized by striped patterns. Black lines represent
the homogeneous equilibrium, red lines and cyan lines represent maximum and
minimum amplitude of mussel biomass in the patterned equilibrium, respectively,
and the green line represents average mussel biomass within the simulated domain.
(A) Decreased losses feedback model and (B) sediment accumulation feedback model.

The bifurcation analyses reveal a striking difference between the
decreased losses model and the sediment accumulation model in terms
of the implications of spatial self-organization for ecosystem functioning.
In the decreased losses model, average mussel biomass is much higher in
the patterned equilibrium compared with the homogeneous equilibrium
(cf. Figure 2.4A, green lines versus black lines) for all parameter values
where stable patterns are predicted. In the sediment accumulation model,
this difference is much smaller, or even reversed, depending on the algal
input concentration. This points at an important difference between the
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decreased losses model and sediment accumulation model, in that increased
production, which is considered an important emergent effect of spatial
self-organization on ecosystem functioning in the decreased losses model
(van de Koppel et al., 2005), is virtually absent in the sediment accumulation
model.

(b) Ecological resilience

Comparison of the models shows a remarkable difference between the
reduced losses model and both sediment accumulation models with
respect to the ecological resilience to a 10 and 50 per cent reduction in
biomass (see electronic supplementary material). We compared simulation
trajectories, where the patterns were left intact with simulations where
mussel biomass was nearly homogenized, and studied the time the system
needed to return to the patterned equilibrium. The recovery time of
these two simulations we in turn compared with the recovery time in the
homogeneous system. First of all, in all models, mussel biomass recovered
much faster after a perturbation if the patterns were left intact than if the
biomass was redistributed near-homogeneously. This difference increases
as the critical threshold AT2up is approached (Figure 2.5A). Qualitatively
similar differences between simulations were found in the model with the
sediment accumulation feedback model (Figure 2.5B).

(c) Robustness of the analysis

We found a remarkable quantitative difference in the recovery time between
the reduced losses model and the sediment accumulation model. With both
models, recovery times were found to increase in the homogeneous state
when Aup approached the critical thresholds AT2up and AT1up, a phenomenon
referred to in the literature as critical slowing down (Scheffer et al., 2009).
Critical slowing down describes the phenomenon that recovery rates from
small perturbations tend to zero when a tipping point is approached
(Van Nes and Scheffer, 2007; Wissel, 1984). Strikingly, this phenomenon
was not observed in the patterned state of the reduced losses model, when,
after a perturbation, the patterns were left intact (Figure 2.5, green line).
This implies that critical slowing down, a process that severely impairs
resilience, was buffered by the aggregation feedback that is central to this
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Figure 2.5: Results of post-perturbation recovery for the two alternative
mechanisms, using the models listed in Table 2.1. The recovery time (τ ) of a
mussel bed is determined following a perturbation in which the density of mussels
is reduced by 10%. The green solid lines represent a simulation where the patterns
are left intact. The blue lines with circles represent a simulation where following
the perturbation, the mussel beds, sediment and algae were evenly redistributed,
after which a random deviation (< 1%) was imposed on the biomass within
each cell (near homogeneous). The red lines represent a simulation with which
the mussels, sediment and algae were homogenized in space, leaving no spatial
variability (homogeneous). The parameters are as in electronic supplementary
material, Table 2.A1, apart from algal concentration Aup. (A) Decreased losses
feedback model and (B) sediment accumulation feedback model. Note that the noise
observed in the graphs is caused by discrete nature of both space and time, while
the jump in the patterned solution in (B) is caused by a shift in frequency in the
solution. Green line, pattern intact; red line, homogeneous; circles with continuous
line, near homogeneous.

model. Remarkably, this phenomenon was not present in the sediment
accumulation model, as the recovery time was found to increase as AT2up was
approached. This difference highlights that possible use of critical slowing
down as an indicator of proximity of catastrophic shifts depends strongly
on the mechanisms that underlie spatial pattern formation.
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Discussion

The process of spatial self-organization is the central explanation for the
occurrence of regular or otherwise coherent spatial patterns in ecosystems
lacking underlying abiotic heterogeneity (Rietkerk and Van de Koppel,
2008). However, most theoretical studies currently focus on the explanations
for observed spatial patterns, following the first mathematical model
proposed by Klausmeier (1999). Typically, empirical verification of the
hypothesized mechanisms in real ecosystems is rare, and only few studies
consider alternative explanations for observed patterns in ecology (Eppinga
et al., 2009; Eppinga, 2009). In this study, we compare alternative
mechanisms driving the formation of self-organized regular patterns in
mussel beds. Mussel bed patterning is hypothesized to result from long-
range inhibition by depletion of algae, and local facilitation between
mussels (van de Koppel et al., 2005). The first mechanism, previously
proposed in the literature, assumes that local facilitation results from mutual
protection among mussels against predation and wave dislodgement as
mussels connect by means of byssal threads, directly lowering mussel loss
(van de Koppel et al., 2005; Hunt and Scheibling, 2001, 2002). Based on
new empirical evidence, we put forward a second, alternative facilitation
mechanism that assumes that mussels promote their growth rate by
stimulating the formation of sediment hummocks on which feeding is more
efficient. Key in this process is the stimulation of sediment accumulation
via excretion of pseudofaeces (van Leeuwen et al., 2010). Here, we compare
both mechanisms as alternative explanations for self-organized pattern
formation in mussel beds.

Our results show that very similar spatial patterning emerges under
both mechanisms. Hence, observation of the characteristics of the spatial
pattern will not disqualify either of the proposed mechanisms. However,
the models predict a strikingly different effect of spatial self-organization on
ecosystem functioning, especially in terms of established mussel biomass
in equilibrium. The bifurcation analysis reveals that in the decreased
losses model, spatial self-organization causes a large increase of mussel
biomass relative to that predicted for homogeneous beds, over an extensive
range of parameter values. This prediction can be explained by the local
facilitation process within mussels, in which the mussels attach themselves
to each other with byssal threads, thereby reducing predation or wave
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dislodgement. Conversely, the analysis of the sediment accumulation model
reveals only a minor or even negative effect of pattern formation on bed-
wide production, especially when algal concentration in the upper layer is
high. Only when algal concentration is insufficient to support mussels in a
homogeneous bed, but is high enough to support a patterned bed (within
the range AT2up < Aup < Acup; Figure 2.4), is there a significant effect of
patterning on bed-level production. Hence, we found a clear and strong
effect of the mechanism that underlies pattern formation on the emergent
properties of these patterns for the mussel bed ecosystem.

A similar difference was found when the implications of pattern
formation for the resilience to disturbances were analysed. In the reduced
losses model, patterning strongly reduced the time needed for the system
to return to equilibrium following a disturbance that imposed a 10 per cent
reduction of mussel biomass. Moreover, while the homogeneous system
showed a significant reduction of resilience at the edges of the parameter
range, where patterns were found (a phenomenon that is called critical
slowing down), no such reduction was observed in the patterned state;
spatial patterning seemed to nullify the phenomenon of critical slowing
down. This effect, however, was completely absent in the sediment
accumulation model. Hence, the effects of patterning on resilience seem
to depend strongly on the mechanisms that underlie the patterning, similar
to what is predicted for bed-wide production.

A very conspicuous feature of patterned mussel beds is the co-occurring
patterning in the geomorphic landscape, caused by the excretion of mud
particles by the mussels, which generate mounds that are elevated on
average 30 cm above the ambient sediment. The results of our field
experiment clearly point out that on these mounts, a higher density
of mussel biomass persists. We hypothesize that the higher density
is most probably explained by improved growth conditions, caused by
increased water flow rate over raised mounts. Alternative explanations
such as increased recruitment on top of the hummocks or active or passive
movement can probably be excluded. First, most mussel beds develop from
a near-even spread of larvae on unpatterned sediment. Second, passive
movement would probably remove the mussels from the mounts as mounts
catch more wave action. Finally, active movement could contribute to the
accumulation of mussels on the hummocks, but prior observations (van de
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Koppel et al., 2008) revealed that mussels rarely move actively for more
than 10 cm, excluding this as a reasonable mechanism for aggregation
on the top of the hummocks. Our hypothesis is supported by a recent
study on the effects of elevation on oyster growth, where both natural
and artificial oyster reefs with high elevation produced more spat and
contained more adults than reefs with low elevation (Schulte et al., 2009).
Despite this, there is also a significant body of evidence that reveals that
increased density reduces mussel losses, in support of the decreased losses
mechanism. This mechanism, however, acts at the scale of the 510 cm
clumps that mussels generate by aggregating, and is a key mechanism
in the formation of the small-scale labyrinth-type patterns that mussels
generate within the larger-scale banded patterns (van de Koppel et al., 2008;
de Jager et al., 2011). Hence, for the larger-scale banded patterns with
510 m wavelength that are found in mussel beds at many intertidal flats,
local positive feedback between increased accumulation of sediment and
improved growth conditions for mussels is the most likely mechanism.

Critical slowing down (e.g. a longer return time to equilibrium following
disturbance) is one of the most prominent early-warning indicators for
the proximity of catastrophic tipping point in ecological systems (Scheffer
et al., 2009). A recent study revealed that in arid systems with regular
spatial patterns, critical slowing down is a prelude to a tipping point when
forcing variables change (Dakos et al., 2011; Bailey, 2011). This prediction is
confirmed in the sediment accumulation model, which reveals an increase
in the return time in the patterned state when a tipping point is approached,
similar to what is found for the homogeneous state. The decreased losses
model, however, shows a complete absence of critical slowing down, as the
return time to equilibrium remains constant for nearly the entire parameter
range where spatial patterns are predicted. This emphasizes that the
phenomenon of critical slowing down is also dependent on the specific
mechanism that is involved, in turn warning against a rapid acceptance of
critical slowing down as a leading indicator for the proximity of tipping
points when the empirical support for the mechanisms behind spatial
patterns is weak.

In the past decade, large bodies of theoretical studies have appeared
in the literature explaining spatial patterns observed in a wide variety
of ecosystems. Often, these studies were based on a single explanatory
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mechanism, based on the intuition of the modeller rather than on a
firm empirical basis, and assuming that process could be derived from
pattern. Our study emphasizes that for mussels, alternative mechanisms
can equally well explain the same spatial pattern, and that models, at most,
give insight into possible mechanisms, rather than accurate understanding
of mechanisms of pattern formation. Moreover, alternative model
formulations can provide contrasting predictions of the emergent properties
of spatial patterning for ecosystem functioning, and of the response of
ecosystems to changing conditions. Hence, for a full understanding
of the importance of spatial patterns in driving ecosystem characteristic
and dynamics, alternative mechanisms should be investigated, and their
assumptions validated in field studies.

The distinction between observation of patterns and inference of their
underlying mechanisms, as put forward in this paper, has implications
that go beyond the system studied here. For instance, since chaos was
discovered by May in the 1970s from a simple population model (May, 1974,
1976), mathematical models have shown that complex chaotic dynamics
can be generated by several different mechanisms, including competition
for limiting resources (Huisman and Weissing, 1999; Huisman et al., 2006),
predatorprey interactions (Gilpin, 1979) and food-web dynamics (van Nes
and Scheffer, 2004). Another obvious example is the mechanisms that
underlie power laws in ecological systems. There are many different
processes, including interactions between large-scale resource constraints
and small-scale facilitation (Scanlon et al., 2007), grazing disturbance (Kefi
et al., 2007) and environmental disturbance (Pascual and Guichard, 2005;
Guichard et al., 2003), that can generate similar power law patterns. Our
study highlights that an experimental approach to infer the mechanisms
that underlie observed patterns might require us to revisit theoretical
underpinnings that we have often taken for granted.
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Appendix 2.A

Model parameter choice and dimensions

Here we firstly present a table of the symbols, their interpretation, units,
values, and sources as used in the model (Table 2.1). Then, we present the
results of a detailed bifurcation analysis of the dimensionless model.

Symbol Interpretation Unit Value Source
DLF model
kM Half saturation constant of mussel

mortality
g/m2 150 van de Koppel

et al. (2005)
SAF model
f Exchange coefficient between sur-

face and bottom
1/h 100

Aup Concentration of algae in the upper
water layer

g/m3 1.5 Cadée and Hege-
man (2002)

c Maximum depletion coefficient m3/g/h 1.0 Riisgård (2001);
Scholten and
Smaal (1998)

kS Half-saturation constant of sedi-
ment

cm 20.0 Estimated

V Velocity of tidal flow m/h 360.0 Brinkman et al.
(2002)

e Conversion constant of ingested al-
gae to mussel production

— 0.01 (Sukhotin et al.,
2002; Cole et al.,
1992)

dM Maximal mortality rate per unit
time

1/h 0.005

DM Diffusion coefficient of mussels m2/h 0.0005 Estimated
k1 Production of mud per capital mus-

sels
m/g/h 0.0001 Cole et al. (1992)

dS Erosion rate of sediment 1/h 0.005
DS Diffusion coefficient of sediment m2/h 0.0005 Widdows et al.

(2002)
g Uptake contrast between flat mus-

sel and hummock
— 0.1 Estimated

Table 2.A1: Symbols, interpretation, units, values, and sources used in the
decreased losses feedback (DLF) model and sediment accumulation feedback (SAF)
models.
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Analyses of the sediment accumulation model

(a) Dimensionless forms and scaling

Our model is based on the following reaction-diffusion partial differential
equations:

∂A

∂T
= f(Aup −A)− c

(S + kSg

S + kS

)
AM + V

∂A

∂X
, (2.A1)

∂M

∂T
= ec

(S + kSg

S + kS

)
AM − dMM +DM∇2M, (2.A2)

∂S

∂T
= k1M − dSS +DS∇2S. (2.A3)

The model can greatly be simplified by the following non-
dimensionalisation variables t = dMT , x =

√
dM/DMX , y =

√
dM/DMY ,

a = dM
fAup

A, m = k1
dMkS

M , s = k−1
S S. Then, we can obtain the dimensionless

equations:
∂a

∂t
= 1− αa− β s+ η

1 + s
am+ ν

∂a

∂x
(2.A4)

∂m

∂t
= δ

s+ η

1 + s
am−m+

( ∂2

∂x2
+

∂2

∂y2

)
m (2.A5)

∂s

∂t
= m− θs+D

( ∂2

∂x2
+

∂2

∂y2

)
s, (2.A6)

where α = f/dM , β = ckS/k1, η = g, ν = V/
√
dMDM , D = DS/DM ,

θ = dS/dM , and δ =
ecfAup

d2M
. In applications, the main dimensional

parameters of interest are the algae supply f , mussel loss dM , advection
of tidal flow V , and sediment deposition dS ; note that mussel loss will vary
depending on the extent of grazing and aggregation of mussels. These four
parameter appear in the dimensionless quantities δ, θ and ν, respectively.
Therefore, we can study the dimensionless equation (2.A4)–(2.A6), focusing
on the conditions for patterning and the way in which the patterns vary with
these three parameters. Derivation of parameter ranges based on Table 2.A1
yields α = 50.0 ∼ O(101 − 102), β = 200.0 ∼ O(102), ν = 360.0 ∼
O(102−103),D ≥ 1 ∼ O(1−10), δ > 100 ∼ O(102) and θ = 2.5 ∼ O(0−101).
To accelerate the simulations, we have multiplied parameters D, V , and
θ by a factor 1000. Numerical analysis revealed that this does not alter
the relative predictions of the model. Parameter values in dimensionless
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equation (2.A4)–(2.A6) are D = 1.0, ν = 360.0, θ = 2.5, with δ as a resource
source, allowed to vary.

(b) Steady-state solution and properties of the pattern solutions

The system (2.A4)–(2.A6) has three uniform solutions, one with trivial
mussel and sediment:

[a0,m0, s0] = [1/α, 0, 0], (2.A7)

and two nontrivial spatially homogeneous steady states arising from a
saddle node bifurcation. They are solutions of the system

a± =
1 + s±
δ(s± + η)

, m± = θs±, s± =
Γ ±

√
Γ 2 − 4βθΦ

2βθ
, (2.A8)

where Γ = δ − α − βθη, Φ = α − δη. Here, δ is a function of parameter
Aup. These three uniform solutions, however, exist only for a certain range
of values, δ > δSN ; in this range, both states (a0,m0, s0) and (a+,m+, s+)

are stable, defining a bistability region, as shown in Figure 2.4B.

From an ecological point of view, a key issue is how ecosystem
functioning depends on parameters values. Van de Koppel et al. (2005)
studied this question in detail by assuming that the mussel patterns are
controlled by the concentration of algae in the upper water layer Aup.
The pattern solutions can be analyzed using the method of periodic
travelling wave solutions (Wang et al., 2009; Sherratt and Lord, 2007;
Sherratt, 2012). However, determination of periodic traveling wave stability,
even numerically, is a notoriously difficult problem. In this section, we
investigate numerically the existence and stability of patterns with the
approach of discretising the PDEs (2.A1)–(2.A3) in space. Our approach
is to use the bifurcation package AUTO-07p to study the pattern PDEs
(2.A1)–(2.A3). To do this, the most natural bifurcation parameter is the algae
concentration, Aup. The results of Figure 2.4 give a detailed understanding
of the existence of patterned solutions, as a function of the model parameter
Aup. The discretized version of PDEs is given as:

∂Ai/∂t = f(Aup − αAi)− G(Si)AiMi + V (Ai+1 −Ai)/∆X (2.A9)
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∂Mi/∂t = eG(Si)AiMi − dMMi +DM (Mi+1 − 2Mi +Mi−1)/∆X2 (2.A10)

∂Si/∂t = k1Mi − dSSi +DS(Si+1 − 2Si + Si−1)/∆X2, (2.A11)

(i = 1, · · · , N). For simplicity, we assume periodic boundary conditions
A0(t) = AN (t), M0(t) = MN (t), and S0(t) = SN (t). We studied
system (2.A9)–(2.A11) using the bifurcation AUTO07p, with the objective of
determining the bifurcation diagrams such as those shown in Figure 2.A1,
but with additional information about different branches and pattern
stability.

For any discretization that is sufficiently fine to be of practical use,
(2.A9)–(2.A11) are a large system of equations, and studying patterned
solutions using AUTO-07p is a major computational challenge. Therefore,
we have focused on pattern variation with just one of the four parameters,
the algae concentration Aup, with the values of f , dM and e fixed as listed
in Table 2.A1, respectively. We used N = 50, which gives 150 equations in
Eqs.(2.A9)–(2.A11), with a spatial grid length ∆X = 3. This gives a discrete
representation of the model equations on a domain of length 150, which is
large enough to capture a range of pattern behavior.

For sufficiently large values of Aup, there are no patterned solutions,
and the homogeneous steady state Ai = A , Mi = M and Si =

S (i = 1, 2, 3, · · · , N ) is stable as a solution of (2.A9)–(2.A11). As δ

decreased, the steady state becomes unstable via a Hopf bifurcation at
Aup ≈ 0.9 (see Figure 2.A1 (A) and (B)). The branch of periodic solutions
emanating from this Hopf bifurcation is spatially as well as temporally
periodic, with a wavelength of 10 space points. As Aup is decreased
further, the homogeneous steady state undergoes a series of additional Hopf
bifurcations. At each of these, a branch of periodic solutions emanates,
corresponding to a pattern of a particular spatial mode, as shown in
Figure 2.A1. Here, we show the amplitude of the homogeneous steady
state from which the spatial pattern branches bifurcate. In brief, we use

the measurement of N = 1
L

√∫
L

(
A2(x) +M2(x) + S2(x)

)
dx to plot the

bifurcation graph. The solution branches with different spatial modes arise
via separate Hopf bifurcations (see Figure 2.A1 (A) and (B)).

Following the same method, we can obtain the spatial solution and
bifurcation on reduced losses model, are shown in Figure 2.A1 (C) and (D)
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Figure 2.A1: Bifurcation diagram of patterned solutions on the discretised model
equations. Solid lines correspond to stable patterned solutions and dashed lines
correspond to unstable solutions. Typical spatial profiles of the solutions on the
discretized version PDEs related to various branches. (A) and (B) showing results
of spatial bifurcation and pattered solutions on sediment accumulation model. (C)
and (D) showing the results of spatial bifurcation and pattered solutions on reduced
losses model.

respectively.
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Figure 2.A2: Results of the relative sediment accumulation model. Panel (A)
presents a bifurcation analyses with respect to parameter Aup, panel (B) presents
recovery time after a 10% decrease in biomass, and panel (C) presents an example
of a spatial pattern (Aup = 1.2, see Table 2.A1 for other parameters).

Relative accumulation model

The model presented in the main text assumes a direct relation between
absolute sediment accumulation (e.g., elevation) and mussel uptake and
growth. It is well conceivable that not absolute elevation, but rather the
elevation relative to the surrounding sediment determines the increase in
uptake and growth of the mussels. In this case, an increase in sediment
accumulation over an homogeneous bed would not affect mussel growth.
To check robustness of our results in an alternate formulation of the effects
of sediment accumulation, we have constructed a model where we replace
S with S/S̄ in the feedback function, G(S/S̄), where S̄ = 1

Ω

∫
Ω S(r, T )dr
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denotes the average accumulation of sediment over the entire mussel
habitat Ω. The parameters are the same as previous studies, apart from
the half-saturation constant of sediment, kS = 10. Figure 2.A2 (C) shows
that very similar patterns are found as in the two models described in
the main text. We then performed a bifurcation analysis as was described
above for the absolute sediment accumulation model. The results of this
are presented in Figure 2.A2 below. The bifurcation analysis reveals the
relative accumulation model reveals that no bi-stable behavior is found in
the relative sedimentation model, but that the bifurcation patterns with
regard to pattern formation is very similar. Moreover, similar results are
found with respect to the emergent properties of pattern formation on
average biomass and recovery time after 10% perturbation as shown in
Figure 2.A2.

Appendix 2.B

The effect of the perturbation intensity on critical slowing down
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Figure 2.A3: Recovery times following perturbation of the two alternate
mechanistic models of pattern formation, using a 50% reduction in biomass for both
reduced losses model (A) and sediment accumulation model (B). The parameters are
the same as the Figure 2.5 in the main text.

In order to detect the effect of the intensity of the perturbation on the
phenomenon of critical slowing down (see main text for a definition), we
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have checked two different perturbations under the same condition, by
reducing biomass by 50% and 10%, respectively. They exhibit qualitatively
similar result. The typical results of 50% and 10% reduction of biomass
are shown in Figure 2.A3 and in Figure 2.5 in the main text. For the
spatial patterned states, there is a striking absence of the critical slowing
down in the reduced losses feedback model. Thus, critical slowing down
depends critically on the involved mechanism explaining the observed
spatial patterns, and it cannot be concluded without thorough experimental
testing of the mechanisms underlying the observed patterns that critical
slowing down is a universal phenomenon.





Chapter 3

Phase separation explains a new class

of self-organized spatial patterns in

ecological systems

Self-organization is a process in which pattern at the
global level of a system emerges solely from numerous
interactions among the lower-level components of the
system. Moreover, the rules specifying interactions
among the systems components are executed using
only local information, without reference to the global
pattern.

According to Scott Camazine et al. (2003)

This chapter is based on the manuscript: Q.-X. Liu, A. Doelman, V. Rottschäfer, M. d. Jager,

P. M.J. Herman, M. Rietkerk, and J. v.d. Koppel – “Phase separation explains a new class of

self-organized spatial patterns in ecological systems,” Proc. Natl. Acad. Sci. USA, vol. 110 (29)

11905-11910, doi: 10.1073/pnas.1222339110, 2013.
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Abstract

Turing’s activator-inhibitor principle has been the central paradigm
for explaining regular, self-organized spatial patterns in ecology.
According to this principle, local activation combined with long-
range inhibition of growth and survival is an essential prerequisite
for the formation of regular ecological patterns. Here, we reveal
density-dependent motion of animals as a new mechanism for self-
organization in ecology, and show that it conforms to the principle
of phase separation in physics. The basis of this mechanism is a
switch from dispersal to aggregation with increasing density. First,
using experiments with self-organizing mussel beds, we derive an
empirical relation between animal movement speed and local animal
density. Second, we incorporate this relation in a partial differential
equation, and show that this model corresponds mathematically to the
well-known Cahn-Hilliard equation for phase separation in physics.
Third, we show that the assumptions and predictions of this model
with regard to development of patterns are in close agreement with the
results of our experiments and field observations. Hence, our results
uncover a new principle for ecological self-organization, where motion
rather than activation and inhibition processes explains spatial pattern
formation.
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Introduction

The activator-inhibitor principle, originally conceived by Turing in
1952 (Turing, 1952), and further developed by Belousov (Belousov,

1959), Zhabnotinsky (Zhabotinsky, 1964) and Meinhardt (Meinhardt, 1982)
provided a potential theoretical explanation for the occurrence of regular
patterns in biology (Murray, 2002; Kondo and Miura, 2010; Maini, 2003) and
chemistry (Zhabotinsky, 1964; Castets et al., 1990; Ouyang and Swinney,
1991). In the past decades, this principle has been applied to a wide range
of ecological systems, including arid bush lands (Klausmeier, 1999; van de
Koppel and Crain, 2006; von Hardenberg et al., 2001; Rietkerk et al., 2002;
Borgogno et al., 2009), mussel beds (van de Koppel et al., 2005; Liu et al.,
2012), and boreal peat lands (Eppinga et al., 2009; Rietkerk and Van de
Koppel, 2008). The activator-inhibitor principle, where a local positive,
activating feedback interacts with large-scale inhibitory feedback to drive
spatial differences in growth, birth, mortality, respiration or decay, explains
the spontaneous emergence of regular spatial patterns. These patterns may
have important emergent effects on the functioning of ecosystems, such as
increased growth efficiency, resource utilization and ecosystem resilience,
independent of the organizational level (Liu et al., 2012; Pringle et al., 2010;
Kondo and Miura, 2010; Rohani et al., 1997; Sole and Bascompte, 2006).

Physical theory offers an alternative mechanism for pattern formation,
proposed by Cahn and Hilliard in 1958 (Cahn and Hilliard, 1958). They
pointed at the possibility that density-dependent rates of dispersal would
lead to separation of a mixed fluid into two phases that are separated in
distinct spatial regions, subsequently leading to pattern formation. The
principle of density-dependent dispersal, switching between dispersion and
aggregation as local density increases, has become a central mathematical
explanation for phase separation in many fields (Bray, 2002) such as
multiphase fluid flow (Falk, 1992), mineral exsolution and growth (Kuhl
and Schmid, 2007), and biological applications (Cohen and Murray, 1981;
Chomaz et al., 2004; Khain and Sander, 2008; Cates et al., 2010; Liu et al.,
2011). However, while aggregation due to individual motion is a commonly
observed phenomenon within ecology, application of the Cahn-Hilliard
(CH) framework to explain pattern formation in ecological systems is absent
both in terms of theory and experiments (Cohen and Murray, 1981; Cates
et al., 2010).
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Here, we apply the concept of phase separation to the formation of
spatial patterns in the distribution of aggregating mussels. On intertidal
flats, establishing mussel beds exhibit spatial self-organization by forming
a pattern of regularly spaced clumps. By so doing, they balance optimal
protection against predation with optimal access to food, as demonstrated
in a field experiment (van de Koppel et al., 2008). This self-organization
process has been attributed to the dependence of the speed of movement
on local mussel density (van de Koppel et al., 2008). Mussels move at
high speed when they occur in low density and decrease their speed
of movement once they are included in small clusters. However, when
occurring in large and dense clusters, they tend to move faster again,
due to food shortage. Mussel pattern formation is a fast process, giving
rise to stable patterning within the course of a few hours, and clearly is
independent from birth or death processes (Figure 3.1A and B). Although
mussel pattern formation at centimeter scale was successfully reproduced
by an empirical individual-based model (van de Koppel et al., 2008), to date
no satisfactory continuous model has been reported that can identify the
underlying principle in a general theoretical context.

In this paper, we present the derivation and analysis of a partial
differential equation model based on an empirical description of density-
dependent movement in mussels (van de Koppel et al., 2008), and
demonstrate that it is mathematically equivalent to the original model of
phase separation by Cahn and Hilliard (Cahn and Hilliard, 1958). We then
compare the predictions of this model with observations from real mussel
beds and experiments with mussel pattern formation in the laboratory.

Results

Model Description

Mussel speed of movement was observed to initially decrease with
increasing mussel density, but to increase when the density exceeded that
typically observed in nature (Figure 3.1C). We analyzed the experimental
data of movement speed as a function of mussel density statistically with
two different models.
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Figure 3.1: Pattern formation in mussels and statistical properties of the density-
dependent movement of mussels under experimental laboratory conditions. (A)
and (B), Mussels that were laid out evenly under controlled conditions on a
homogeneous substrate developed spatial patterns similar to ‘labyrinth-like’ after
24 hours (images represent a surface of 60 cm by 80 cm). (C), Relation between
movement speed and density within clusters of 1, 2, 4, 6, 8, 16, 24, 32, 64, 80, 104,
and 128 mussels (mussel density is rescaled, where 128 equals to 1). The blue line
describes the rescaled second order polynomial fit with Eq.(3.1). The red line depicts
the effective diffusion g(m) of mussels as a function of the local densities according
to the diffusion-drift theory. The circles show the original experiment data. (D),
The numerical simulation of Eq. (3.4) implemented with parameters β = 1.89,
D0 = 1.0, and κ1 = 0.1, simulating the development of spatial patterns from a
near-uniform initial state.

The movement speed data was fitted to the equation

V(M) = aM2 − bM + c (3.1)

with a = 2.211, b = 2.102 and c = 0.6208 (Figure 3.1C; blue line). A linear
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model proved not significant (P = 0.778). The quadratic model was overall
significant (P < 0.001), where the coefficient for the second-order term was
highly significant (t = 4.732, P < 0.0001), and the AIC-test showed that the
quadratic model was highly preferable over the linear one (see Table 3.A1
for details).

Based on this formulation, we now derive an equation for the changes
in local density M of a population of mussels, in a 2-dimensional space.
As the model describes pattern formation at time scales shorter than 24
hours, growth and mortality (as factors affecting local mussel density) can
be ignored. Local fluxes of mussels at any specific location can therefore be
described by the generic conservation equation:

∂M

∂t
= −∇ · J. (3.2)

Here J is the net flux of mussels, and ∇ = (∂x, ∂y) is the gradient in two
dimensions. To derive the net flux J , we assume that mussel movement can
be described as a random, step-wise walk with a step size V that is a function
of mussel density, and a random, uncorrelated reorientation. In the case of
density-dependent movement, the net flux arising from the local gradient in
mussel density can be expressed as (see Appendix 3.A)

Jv = − 1

2τ

(
V(V +M

∂V
∂M

)
)
∇M, (3.3)

where τ is the turning rate (Schnitzer, 1993, see equation (4.14)). The “drift”
term M∂V/∂M accounts for the effect of spatial variation in local mussel
density on the spatial flux of mussels. This term does not appear in the case
of density-independent movement, but its contribution is crucial when up-
scaling the density-dependent movement of individuals to the population
level.

Following earlier treatments of biological diffusion as a result of indi-
vidual movement (Murray, 2002, see p.408-416 for details), we complement
this linear diffusion term representing local movement by including higher-
order (non-local) diffusion as Jnl = ∇(κ∆M) with nonlocal diffusion
coefficient κ. The non-local diffusion process has a relatively low intensity,
and hence parameter κ is much smaller in magnitude than the local
movement coefficient in Eq.(3.3). We can now gather both fluxes into the
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total net flux rate in Eq.(3.2) to define the general rescaled conservation
equation (see text in Appedix 3.A):

∂m

∂t
= D0∇

[
g(m)∇m− κ1∇(∆m)

]
. (3.4)

Here, g(m) = v(m)
(
v(m) + m∂v(m)

∂m

)
, where v(m) = m2 − βm + 1

is a rescaled speed. D0 is a rescaled diffusion coefficient that describes
the average mussel movement, and κ1 is the rescaled non-local diffusion
coefficient. Rescaling at the basis of equation (3.4) is given by the following
relations: g(m) = (m2 − βm + 1)(3m2 − 2βm + 1) with m =

√
a/cM ,

D0 = c2

2τ , κ1 = 2τκ
c2

, and β = b/
√
ac. Here, β captures the depression of

diffusion at intermediate densities in a single parameter. In this model,
spatial patterns develop once the inequalities β >

√
3 and β < 2 are

satisfied, leading to a negative effective diffusion (aggregation) g(m) at
intermediate mussel densities. Thus, if mussel movement is significantly
depressed at intermediate density, then effective diffusion g(m) becomes
negative, mussels aggregate, and patterns emerge. If the depression of
mussel movement speed at intermediate mussel density is weak, then
g(m) remains positive, and no aggregation occurs at intermediate biomass
(see Figure 3.A4). Under these conditions, no patterns emerge. The
fitted values for a, b and c reveal that the effective diffusion clearly can
become negative (as β = 1.7901), as shown in (Figure 3.1C). Equation (3.4)
predicts the formation of regular patterns (Figure 3.1D), in close agreement
with the patterns as observed in our experiments (Figure 3.1B). Using the
precise parameter setting obtained from our experiments we are able to
demonstrate that reduced mussel movement v(m) at intermediate mussel
density results in an effective diffusion g(m) that can change sign, which
leads to the observed formation of patterns.

A Physical Principle

We now derive that equation (3.4) is mathematically equivalent to the well-
known extended Cahn-Hilliard equation for phase separation in binary
fluids (see Appendix 3.A). The original Cahn-Hilliard equation describes the
process by which a mixed fluid spontaneously separates to form two pure
phases (Cahn and Hilliard, 1958; Chomaz et al., 2004). The Cahn Hilliard
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equation follows the general mathematical structure:

∂s

∂t
= D∇2

[
P(s)− κ∆s

]
= D∇

[
P ′(s)∇s− κ∇(∆s)

]
, (3.5)

where P(s) typically has the form of the cubic s3 − s. In the Supporting
Information, we show that density-dependent functions of g(m) of Eq.(3.4)
and its corresponding expression P ′(s) in Eq. (3.5) have the same
mathematical shape (concave upwards) with two zero solutions, provided
that movement speed V(M) remains positive for all values of M , which
is inevitably valid for any animal. Hence, in a similar way as described
in the Cahn-Hilliard equation, net aggregation of mussels at intermediate
densities generates two phases, one being the mussel clump, the other
being open space. This occurs due to a decrease in movement speed at
intermediate density, leading to net aggregation when g(m) < 0, similar
to what is predicted by the Cahn-Hilliard equation. Hence, we find that
pattern formation in mussel beds follows a process that is principally
similar to phase separation, triggered by a behavioral response of mussels
to encounters with conspecifics.

Comparison of Experimental Results and Model’s Predictions

Equation (3.4) yields a wide variety of spatial patterns with increasing
mussel density, which are in close agreement with the patterning observed
in the field (Figure 3.2), as well as in laboratory experiments (see
Figure 3.A2). Theoretical results demonstrate that with the specific value of
β determined in our experiment, four kinds of spatial patterns can emerge,
depending on mussel density. When mussel numbers are increased from
a low value, a succession of patterns develops from sparsely distributed
dots (Fig.3.2E) to a ‘labyrinth pattern’ (Fig.3.2F) and a ‘gapped pattern’
(Fig.3.2G), and finally the patterns weaken before disappearing (Fig.3.2H).
Note that the theoretical results closely match the patterns observed in the
field (Fig.3.2A-D). Moreover, a similar succession of patterns has been found
under controlled experimental conditions (van de Koppel et al., 2008) when
the number of mussels is increased (Figure 3.A2). The spatial correlation
function of the images obtained during the experiments generally agrees
with that of the patterns predicted by equation (3.4), displaying a damped
oscillation that is characteristic of regular patterns (see Figure 3.A6 and
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Figure 3.2: Pattern formation of mussels in the field and numerical results for 2D
simulations with varying densities. (A-D), Mussel patterns in the field varying
respectively from isolated clumps, ‘open labyrinth’, ‘gapped patterned’ to a dense,
near-homogeneous bed. (E-H), Changes in simulated spatial patterning in response
to changing overall density, closely follow the field observed patterns. The color bar
shows values of the dimensionless densitym of Eq.(3.4). Simulation parameters are
the same as for Figure 3.1D apart from the overall density of mussels.

Appendix 3.A text).

A similar agreement was found in the emergence and disappearance
of spatial patterns with respect to changing mussel numbers when
we compared a mathematical bifurcation analysis with an experimental
bifurcation analysis. The mathematical analysis predicts that the amplitude
of the aggregative pattern (i.e., the maximal density observed in the pattern)
dramatically increases with increasing overall mussel densities, but decreas-
es again when approaching a relatively high mussel density (Figure 3.3A).
Most significantly, these predictions are qualitatively confirmed by our
laboratory experiments, as shown in Figure 3.3B. We observed an increase
in the amplitude when the number of mussels in the arena was low, but
a rapid decline of the amplitude with increasing overall mussel numbers
when mussel numbers were high. It should be noted that while spatial
homogeneity can easily be obtained in simulated patterns, the discrete
nature of living mussels precludes this in our experiments, especially at low
mussel density.

Phase-separation kinetics commonly exhibits a coarsening process,
which is referred to as the Lifshitz-Slyozov (LS) law (Lifshitz and Slyozov,
1961; Bray, 2002). Typically, the spatial scale of the patterns, `(t), grows
in a power-law manner as `(t) ∼ tγ , where the growth exponent γ =

1/3 was found to be characteristic of the Cahn-Hilliard equation (Lifshitz
and Slyozov, 1961; Oono and Puri, 1987; Mitchell and Landau, 2006).
Interestingly, our experimental results reveal that this scaling law also
holds during pattern formation in mussel beds, where we found a scaling
exponent very close to 1/3 during the first 6 hours of self-organization (see
Figure 3.4). This behavior is independent of the mussel density. However,
the LS scaling law collapses at a later stage as the mussels settle and attach
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Figure 3.3: Bifurcation of the amplitude of patterns as a function of mussel density
as predicted by the theoretical model (A) and found in the experimental patterns
(B). (A), Parameter values are β = 1.89, D0 = 1.0, and κ = 0.1, apart from
mussel density; letters indicate position on the plot corresponding to the four
snapshots E, F, G and H in Figure 3.2. The mussel density represents values of
the dimensionless density. (B), Laboratory measurement of patterned amplitudes
with different densities on surface of 30 cm by 50 cm, where the number of mussels
ranges from 100 to 1400 individuals. Amplitude versus the mean density is depicted
as symbol lines with solid squares (�), the red lines depict average density.

to each other with byssus threads. Our theoretical model (3.4) matches this
result displaying the same scaling exponent as our experiments (note that as
the simulation starts with a very fine-grained random distribution, pattern
development takes longer in the model in Figure 3.4).

Discussion

The results reported here establish a new general principle for spatial
self-organization in ecological systems that is based on density-dependent
movement rather than scale-dependent activator-inhibitor feedback. This
phase separation-based process was until now not recognized as a
general mechanism for pattern formation in ecology, despite aggregation
by individual movement being a commonly described phenomenon in
biology (Turchin, 1998; Mittal et al., 2003; Buhl et al., 2006; Liu et al., 2011;
Vicsek and Zafeiris, 2012). Recent theoretical studies highlight similar
aggregative processes as a possible mechanism behind pattern formation
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Figure 3.4: Scaling properties of the coarsening processes. The relation between
wavelengthspatial scale versusand temporal-increasing aton the pattern formation
in double logarithmic scale. The colored solid lines indicate the experimental data
for different mussel density and theoretical simulation. The red dash lines fit the
experimental data with a power law `(t) ∼ tγ at early stages. We found only a slight
deviation from the theoretically expected γ = 1/3 growth. No dominant wavelength
emerges from the spectral analysis for the first minutes of the experiment, and hence
no data could be plotted. Note that as the simulation starts with a very fine-grained
random distribution, pattern development takes longer in the model.

in microbial systems (Cates et al., 2010; Farrell et al., 2012; Fu et al.,
2012), insect migration (Cohen and Murray, 1981), or passive movement
as found in stream invertebrates (Anderson et al., 2012). Furthermore,
studies on ants and termites have shown that self-organization can result
from individuals actively transporting particles, aggregating them onto
existing aggregations to form spatial structures ranging from regularly
spaced corps piles (Theraulaz et al., 2002) to ant nests (Camazine et al., 2003).
Also, a number of studies highlight that beyond food availability (Folmer
et al., 2012), behavioral aggregation in response to predator presence is
an important determinant of the spatial distribution of birds (Quinn and
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Cresswell, 2006). These studies indicate there may be a wide potential for
application of the Cahn-Hilliard framework of phase separation in ecology
and animal behavior that extends well beyond our mussel case study.

A fundamental difference exists between pattern formation as predicted
by Turing’s activator-inhibitor principle and that predicted by Cahn-
Hilliard principle for phase separation. Characteristic of Turing patterns
is that a homogeneous ‘background state’ becomes unstable with respect
to small spatially periodic perturbations: this so-called Turing instability is
the driving mechanism behind the generation of spatially periodic Turing
patterns. Moreover, the fixed wavelength of these patterns is determined
by this instability. In the Cahn-Hilliard equation there is no such ‘unstable
background state’ that can be seen as the core from which patterns grow.
Moreover, there is no specific wavelength that defines the pattern. Rather,
the Cahn-Hilliard equation exhibits a coarsening process: the wavelength
slowly grows in time. Hence, Cahn-Hilliard dynamics have the nature of
being forced to interpolate between two stable states, or phases, while a
Turing instability is ‘driven away from an unstable state’.

Strikingly, in mussels, both processes may occur at the same time. Mus-
sels aggregate because they experience lower mortality due to dislodgement
or predation in clumps (van de Koppel et al., 2008). This explains why on the
short term, they aggregate in a process that, as we argue in this paper, can be
described by Cahn and Hilliard’s model for phase separation. On the long
term, however, they settle and attach to other mussels using byssal threads,
a process that arrests pattern formation, thereby disabling the coarsening
nature of ‘pure’ Cahn-Hilliard dynamics by a biological mechanism that
acts on intermediate time scales and has not been taken into account in the
present model that focuses on the first 24 hours of the process. Moreover, at
an even longer time scale, mortality and individual growth further shapes
the spatial structure of mussel beds, unless a disturbance leads to large-scale
dislodgement, which is likely to reinitiate aggregative movement. Hence,
on the long run, both demographic processes (van de Koppel et al., 2005)
and aggregative movement (van de Koppel et al., 2008) shape the patterns
that are observed in real mussel beds.

Finally, our results demonstrate that to understand complexity in
ecological systems, we need to recognize the importance of movement as a
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process that can create coherent spatial structure in ecosystems, rather than
just dissipate them. Unlike the growth/mortality based Turing mechanism,
the movement-based Cahn-Hilliard mechanism has short time scales. It
may thus allow for fast adaptation and generate transient spatial structures
in ecosystems. In natural ecosystems, both processes occur, sometimes
even within the same ecosystems. How the interplay between these two
mechanisms affects the complexity and resilience of natural ecosystems is
an important topic for future research.
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Appendix 3.A: Materials and Methods

Laboratory setup and mussel sampling

The laboratory setup followed that of a previous study by van de Koppel
et al. (2008). Pattern formation by mussels was studied in the laboratory
within a 130 cm by 90 cm by 27 cm polyester container filled with seawater.
Mussel samples were obtained from wooden wave-breaker poles on the
beaches near Vlissingen, the Netherlands (51.458713◦N, 3.531643◦E). They
were kept in containers and fed live cultures of Phaeodactylum tricornutum
daily. In the experiments, mussels were laid-out evenly on a surface of
either concrete tiles or a red PVC sheet. The container was illuminated using
fluorescent lamps. Fresh, unfiltered seawater was supplied to the container
at a rate of approximately one liter per minute.

Imaging procedures and mussels’ tracking

The movement of individual mussels was recorded by taking an image
every minute using a Canon PowerShot D10, which was positioned about
60 cm above the water surface, and attached to a laptop computer. Each
image contained the entire experimental domain at a 3000 by 4000 pixels
resolution. We tested the effect of increasing mussel densities on movement
speed. We set up a series of mussel clusters with 1, 2, 4, 6, 8, 16, 24, 32,
64, 80, 104, and 128 mussels respectively on a red PVC sheet to provide
a contrast-rich surface for later analysis (see Figure 3.A1). The movement
speed of individual mussels was obtained by measuring the movement
distance along the trajectories during one minute. All image analysis and
tracking programs are developed in Matlab (R2012a, c© The Mathworks,
Inc) (www.mathworks.com).

Field photos of mussel patterns

Field photos of mussel patterns with different densities were taken on the
tidal flats opposite to Gallows Point (53.245238◦N, -4.104166◦E) near Menai
Bridge, UK, in July 2006.
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Figure 3.A1: Two example shots of the experimental setup, with superimposed the
trajectories of the tracked mussels.

Pattern amplitude determination

The analysis of the amplitude of the mussel patterns was based on two
experimental series. In the first series, 450, 750, 1200, and 1850 mussels were
evenly spread over a 60 cm by 80 cm red PVC sheet. In the second series,
100, 200, 400, 600, 1100, and 1400 mussels were evenly spread over a 30 cm
by 50 cm sheet. We analysed small-scale variation in mussel density from
the image recorded by the webcam after 24 hours using a moving window
of 3 cm by 5 cm, in which the mussels were counted. The maximum density
was used as the amplitude of the pattern. Four typical images are shown in
Figure 3.A2.

Calculation of the scale of the patterns

The spatial scale of the patterns were obtained quantitatively by deter-
mining the wavelength of the patterns from the experimental images. We
applied a two-dimensional Fourier transform to obtain the power spectrum
within a square, moving window. Local wavelength was identified for each
window, and the results averaged for all windows. This straightforward
technique is suitable for identifying the wavelength in noisy images with
irregular patterning (Penny et al., 2013).

Formulating the model

Derivation of a general equation describing density-dependent move-
ment. We now derive a general equation describing the rate of change
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(A) (B)

(C) (D)

Figure 3.A2: Laboratory images of mussels pattern formation on a surface of 30
cm by 50 cm, where the number of mussels equals to 200, 400, 600, and 1100
individuals in the arena from A to D respectively.

of local density M of a population of organisms, in our case mussels. In
principle we consider a general n-dimensional case; we will later restrict
ourselves to a 2 dimensional space, i.e. where n = 2.

We study a population of organisms that perform a random walk with
an individual movement speed which is a function of the local density
M , denoted by V (M). The organisms change direction with a density-
dependent turning rate τ(M). Since the speed of the particles depends on
M , the flux Jv is given by

Jv = − V (M)

nτ(M)
∇
(
V (M)M

)
, (3.A1)

as derived by Schnitzer (1993). This relation is valid under the assumptions
that V |∇τ | � τ2 which states that the fractional change of the
turning rate over the typical distance travelled between turning must
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be small (Schnitzer, 1993). We also incorporate the effect of non-local
movement in the model which results in a second contribution to the
flux (Murray, 2002, see p.408-416 for details),

Jnl = κ∇(∆M), (3.A2)

for some constant κ > 0 (here ∆ = ∇2). See literature (Cates et al., 2010;
Murray, 2002) for a similar approach.

We study the population on relatively short time-scales of maximally
one day, at which birth and mortality processes play a relatively minor role.
For this reason, we do not consider demographic processes in our model
analysis. Combining the above assumptions, changes in the local density of
organisms can be described by

∂M

∂t
= −∇(Jv + Jnl),

in which M is - by construction - a conserved quantity. Combining (3.A1)
and (3.A2), leads to

∂M

∂t
= ∇ [f(M)∇M − κ∇∆M ] , (3.A3)

where f(M) = V
2τ

(
V +M ∂V

∂M

)
, and V and τ are, in general, functions of M .

For simplicity, we consider the turning rate τ to be independent of M .
Moreover, we restrict the problem to two dimensions, and hence n = 2.
Note that since V is the speed of the organisms in the population, V (M) > 0,
for all M and since f(M) = V

2τ (V +M ∂V
∂M ), the occurrence of zeros in f(M)

is controlled by V +M ∂V
∂M , and thus by the parameters in V .

The derivation of the mussel movement model (3.4). Based on the data
obtained from the experiments and the analysis provided in the main text,
we assume a parabolic relation between speed V and density M :

V (M) = aM2 − bM + c,

where the values of the constants a, b, c can be obtained from the
experimental data.
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With this definition of V , we can derive function f(M):

f(M) =
1

2τ
(aM2 − bM + c)(3aM2 − 2bM + c),

so that by introducing m =
√

a
cM and β = b√

ac
, (3.A3) can be written as

∂m

∂t
= D0∇ [g(m)∇m− κ1∇ ·∆m] , (3.A4)

where g(m) =
(
m2 − βm+ 1

) (
3m2 − 2βm+ 1

)
, with D0 = c2

2τ , κ1 = 2τκ
c2

,
and β2 < 4 (since V (m) > 0).

The standard Cahn-Hilliard equation. The original Cahn-Hilliard (from
here abbreviated as CH) equation describes the separation of a binary fluid
into two phases. Assuming s is the concentration of this fluid, it follows the
general structure

∂s

∂t
= D∇2 [P(s)− κ∆s] , (3.A5)

where in the most standard setting, proposed by Cahn-Hilliard in 1958 Cahn
and Hilliard (1958), P(s) = s3 − s, and D is the diffusion coefficient. This
equation generates patterns of the type shown in Figure 3.A3, consisting
of two phases characterized by s+ = 1 and s− = −1. Mathematically, the
values s+ and s− are given by the minima of the potential function Q(s),
where Q′(s) = P(s). For P(s) = s3 − s, this potential function is given by
Q(s) = 1

4s
4 − 1

2s
2 + 1

4 , where Q(s) has a symmetric double-well shape. For

the generation of CH-type patterns, it is not strictly necessary that Q(s) has
the precise standard form given above. The condition needed is that two
minima exists in Q(s) (Fife, 2002; Novick-Cohen, 2008), separated by a local
maximum that acts as a third, unstable state, s0. This implies thatQ′(s) must
have three - and no more than three - zeros, at s− < s0 < s+.

In the context of model (3.A5), this means that one expects CH-type
dynamics in case P(s) has three zeros. This implies that P ′(s) must have
two zeros, and one negative minimum between these points. Vice versa,
if P ′(s) does not have zeros, Eq. (3.A5) cannot generate patterns since the
associated potential well does not have two preferred stable states.

Translating the mussel model to an extended Cahn-Hilliard model. Based
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Figure 3.A3: Spatial pattern of CH equation (3.A5) with κ = 0.01.

on the data obtained from the experiments given in Fig.1(c) of the main text,
we adopted a general form of the relation between movement speed V (M)

and mussel density M in which V (M) is minimal at a certain density M∗:
V increases as M moves away from M∗. Hence, we consider V (M) with
V ′(M) < 0 for M < M∗ and V ′(M) > 0 for M > M∗. In this case, it can be
shown that f(M) has one global minimum. The position of this minimum
with respect to M is controlled by the precise structure of V (M). Thus, the
general shape of V (M) found in the experiments is such that equation (3.A4)
could generate phase separation and spatial patterns, but patterns arise only
when the minimum of f(M) is negative.

Equation (3.A4) can be written in the CH-form (3.A5) with P(m) such
that P ′(m) = g(m) (see Eq. (3.A6) in the remark below for details). Since
g(m) is a quartic polynomial with respect to m, P(m) will be a quintic:
significantly different from the standard CH-case in which P(m) is a cubic
polynomial, see section (The standard Cahn-Hilliard equation). However,
in the model that we consider, f(M) can have at most one minimum
that lies below the axis because of the condition on movement speed that
V (M) > 0. This can be deduced by straightforward arguments from the
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observational fact that V (M) only has one minimum at M = M∗ (and
decreases, respectively increases, for M < M∗, resp. M > M∗). Thus, in
the present model only CH-type patterns may develop. This is also typical
behavior if we drop the assumption that the turning rate τ is constant, and
take it to depend on the mussel concentration M . Since the turning rate
must remain positive for all M , it is not possible to create additional zeroes
in f(M) by varying τ . Hence, also in this more general case, the dynamics
generated by (3.A3) remain of CH-type.

It is straightforward to ‘control’ the appearance of zeros of g(m): g(m) >

0 for all m when β <
√

3. As β crosses through
√

3, two zeros appear: thus,
CH-like patterns will appear as β2 increases through 3. This is confirmed by
our simulations in the bifurcation analysis in Figure 3.A4 and the simulated
pattern in Fig.1(d).
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Figure 3.A4: Bifurcation diagram of equation (5.4).

Remark We can easily obtain the exact expression of the CH-formula of mussel
model (3.A4) as

∂m

∂t
= D0∇2 [P(m)− κ1∆m] , (3.A6)

with P(m) = 3m5

5 −
5βm4

4 + (4+2β2)m3

3 − 3βm2

2 +m+H. Here,H ∈ R is a new
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parameter.

Numerical implementation

The continuum equation (3.A4) was simulated on a HP Z800 workstation
with an NVidia Tesla C1060 graphics processor. For the two-dimensional
spatial patterns, our computation code was implemented in the CUDA
extension of the C language (www.nvidia.com/cuda). The spatial fourth-
order kernel is implemented in two-dimensional space using the numerical
schemes shown in Figure 3.A5. Spatial patterns were obtained by Euler
integration of the finite-difference equation with discretization of the
diffusion van de Koppel et al. (2011). The model’s predictions were
examined for different grid sizes and physical lengths. We adopted periodic
boundary conditions for the rectangular spatial grid. Starting conditions
consisted of a homogeneous distribution of mussels with a slight random
perturbation. All results were obtained by setting ∆t = 0.001 and ∆x =

0.15.

1 -4 6 -4 1

1

2 -8 2

1 -8 20 -8 1

2 -8 2

1

Figure 3.A5: The kernel∇4 in two-dimensional space.

Correlations analysis

The comparison of images obtained from the mussel beds on the tidal flats
near Menai Bridge with results of the numerical solution of model (3.A4)
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reveals a remarkable similarity of the real mussel beds with the model
prediction (see Fig. 2 in main text). Of course, due to the inherent
stochastic nature of the real mussel ecological system, the snapshots do
not match precisely. To reach a quantitative assessment on the validity of
the model (3.A4) to describe the spatial properties of the mussel system in
the short-time scale, we have computed spatial correlation function for the
system’s spatial patterns.

We consider equal-time spatial correlation functions (in fact, the
system displays coarsening at long-time scale, then we must choose the
appropriate timescale), which yield information about the size of the
emerging patterns. Here, we focus on the correlation function, where
G(r) = 〈m(r+r′)m(r)〉−〈m(r,t)〉2

〈m(r,t)2〉−〈m(r,t)〉2 , which expressed how the value at position
m(r, t) is related to data points at some distance r′ (Arfken and Weber,
2005). The spatial correlation function, G(r), averaged for specie distance
classes over the entire density field, reveals the global behavior of the
pattern as a function of spatial scale. The position of the first peak gives the
mean wavelength of spatial patterns. In Figure 3.A6, we show the spatial
correlation function obtained for both field patterns and from the predicted
patterns of model (3.A4), after a timescale of about 24 hours, revealing an
excellent agreement.
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Figure 3.A6: Correlation functions of the patterns. The spatial correlation as
function of r comes from the experimental aggregation patterns and simulation
patterns about 24 hours timescale. Results obtained from experiment in
Figure 3.1(B), and numerical solutions of the model (3.A4), and notice an excellent
agreement.

Table 3.A1: Likelihood ratio test LRT, AIC weights, adjusted R2, and significant
level of the fitted functions for mussel movement speed data. The observed data is
best fitted by a quadratic function.

Model LRT AIC weights Adjusted R2 p-vales
quadratic 3.1836 1.63283 0.3894 0.00001∗ (t=4.732)
linear -6.2492 18.4985 0.009474 0.556 (t=-0.595)
∗The significant difference is refered to second-order term.
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Spatial pattern formation at multiple

scales drives the resilience of mussel

bed ecosystems

Understanding how biological function arises through
the integration of processes interacting on very
different spatial and temporal scales is perhaps the
greatest challenge facing developmental biology this
century.

According to Philip K. Maini (2013)

This chapter is based on the manuscript: Q.-X. Liu, W. Mooij, P.M.J. Herman, M. Scheffer, J.

Huisman, H. Olff, and J. v.d. Koppel – “Spatial pattern formation at multiple scales drives the

resilience of mussel bed ecosystems,” (in preparation).
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Abstract

Complexity occurs at all levels of biological organization, i.e. from the
organization of the cell to the structure of ecological communities (Par-
rish and Edelstein-Keshet, 1999; Camazine et al., 2003; Waal and Tyack,
2003; Currie et al., 2010; Viswanathan et al., 2011). Spatial complexity,
in the form of self-organized mosaics of different communities, is an
important aspect of ecological complexity, and a driver of productivity,
biodiversity, and vulnerability (Klausmeier, 1999; van de Koppel et al.,
2005; Rietkerk and Van de Koppel, 2008). Little is known on how
complex processes at multiple levels of organization influence each
other and determine the outcome for ecosystem dynamics. Here
we report on the interplay of two organizational levels, behavioral
and demographic, in the spatial complexity of mussel beds. Mussel
beds exhibit self-organized spatial patterns at a large scale due to the
interplay of facilitation and competition (van de Koppel et al., 2005),
leading to death and growth at demographic level, and at a small
scale due to behavioral aggregation (van de Koppel et al., 2008; Liu
et al., 2013). Analysis of a nested mathematical model representing
both processes reveals a striking interaction effect of the different
levels of biological complexity on ecosystem resilience. Our model
demonstrates that mussel beds are less vulnerable to disturbances,
have a higher resistance to deteriorating feeding conditions, are less
vulnerable to tipping points, and experience a smaller magnitude
of change at eventual tipping points, when they are more complex.
Moreover, the mussel bed experienced a smaller loss of resilience when
approaching a tipping point (i.e., a phenomenon called critical slowing
down) when multiple processes driving ecosystem complexity where
interacting. Our analysis highlights that complexity occurring at
multiple organizational levels (or spatial scales) can be an important
determinant of the resilience of ecosystems.
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Introduction

One of the most striking features of biological systems is the bewildering
complexity at all organizational levels, ranging from the structure of
organic molecules to the spatial organization of ecosystems. Untangling
this biological complexity has developed into a separate line of research,
which is highly interdisciplinary in nature, and involving concepts that
cut across many different fields (Sole and Bascompte, 2006; Parrish and
Edelstein-Keshet, 1999; Camazine et al., 2003; Waal and Tyack, 2003;
Currie et al., 2010; Viswanathan et al., 2011). Yet, most studies of the
mechanisms that generate complexity only look at a single organizational
level or process. For instance, the spatial complexity of ecosystems is
shaped by behavioral processes at individual level (movement) when
aggregation incurs benefits from shelter, improved mate choice, or sharing
of information (Viswanathan et al., 2011; Ioannou et al., 2012; van de
Koppel et al., 2008), and by demographic processes at population level that
create variation in predation pressure (Murray, 2002; Sherratt et al., 2002),
resource availability (Klausmeier, 1999; Rietkerk et al., 2002; Anderson et al.,
2012), and other processes affecting local population growth. However,
little is known about how complex interactions between these levels of
organization, also involving different spatial scales, determine ecosystem
functioning.

Here we report on the interplay of behavioral and demographic
mechanisms of pattern formation in self-organizing intertidal mussel beds.
In mussels, patterns develop at two distinctly separate scales, in the form of
large-scale banded patterns occurring at ecosystem-level (see Figure 4.1A
and B), and small-scale net-shaped patterns at the scale of individual
mussels (Figure 4.1C). Pattern formation at the ecosystem level is driven
by the interplay of two scale-dependent demographic processes. Mussels
compete for algae at large spatial scales, but facilitate each other at the small
scale by accumulating sediment, which improves feeding efficiency (Liu
et al., 2012). At the individual level, mussels actively aggregate to form
small-scale strands using byssus threads, providing protection against
predation and dislodgement. Being a behavioral process, pattern formation
at individual level is strikingly fast, occurring within days, while ecosystem-
level patterns require more than a month to develop. Hence, mussel beds
may provide a unique opportunity to investigate how different processes,
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one at the behavioral level, and another at the demographic level, affect the
functioning of ecosystems.

(A) (B)

(C)

Figure 4.1: Schematic representation of self-organized spatial patterns in a real
mussel bed at two spatial scales, nested within one another. (A) Aerial view of a
mussel bed on an intertidal flat, representing a width of approximately 200 meters.
(B) Self-organized banded patterns within this bed, where the distance between
successive mussel bands varies between 2 and 20 meters. (C) Small-scale clusters
less than 20 cm in scale embedded within the mussel bands.

The Model

We constructed an individual-based model that integrates aggregative
movement of mussels with the demographic processes of mussel facilitation
and large-scale competition for algae. The movement process follows a
random Brownian walk with an evenly distributed angle and a step size that
obeys a statistical model (van de Koppel et al., 2008) derived in a previous
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paper, where the movement step length of mussels follows an exponential
distribution, h(x, β) = 1/β exp(−x/β), with parameter β = 1/(p0 +

p1L1 − p2L2) (see Appendix 4.A for detailed interpretation and values).
This function expresses a scale-dependent feedback of mussel density on
movement, where L1 and L2 represent the density of other mussels in the
neighborhood at a scale of x and y cm in polar coordinate, respectively.
The demographic processes are represented as partial differential equations,
describing the local growth and mortality of mussels as determined by algal
consumption and a density-dependent mortality rate (van de Koppel et al.,
2005, 2008; Liu et al., 2012). The demographic part of the model is given by:

∂A

∂t
= f(Aup −A)− cS + ksg

ks + S
AM − V∇xA,

∂M

∂t
= ec

S + ksg

ks + S
AM − dm

km
km +M

M + ∇̃2M, (4.1)

∂S

∂t
= k1M − dsS +Ds∇2S,

where variable A(x, t) describes the algal concentration, M(x, t) describes
mussel density, and S(x, t) represents the sediment elevation at location
vector x and time t. Here the tidal advection is represented by the
term ∇xA with velocity V . The spread of sediment is modeled by the
diffusion term Ds∇2S. To account for the movement of mussels, we use the
form ∇̃2M to express mussel movement, which is modeled explicitly as a
Brownian walk (see van de Koppel et al., 2008, for the detailed description).
Local changes in mussel density are translated into the IBM model by
random mortality of a fraction of the local individuals when net change is
negative, or mussels are added randomly if local change is positive. The
detailed model formulation and simulation methods are described in the
Appendix 4.A.

The model accurately predicts the formation of nested spatial patterns
in mussel beds, consisting of clumped patterns at centimeter (about 10 cm)
scale and banded patterns at meter scale (about 5-10 m in Figure 4.1). We
compared our model simulation results with the observed development
of a mussel bed under natural conditions. Here, photographs taken at
various developmental stages describe the development of a young mussel
bed starting from a uniform bed approximately 2 months after settlement
to a strongly patterned bed of about 2 years of age. At first, behavioral
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aggregation leads to the development of a spatial pattern at small spatial
scales (Figure 4.2 A/D), while the bed remains relatively homogeneous at
larger scales. As time progresses, patterns develop also at larger spatial
scales due to differential mortality and further movement, and increased
sedimentation triggered by mussel feeding leads to the development of
hummocks underneath mussel patches, which become elevated (Figure 4.2
B/E). This leads in the long run to the development of a mature mussel
bed, which exhibits clear spatial patterns at two spatial scales as long as
they are not disturbed by storm activity (Figure 4.2C/D). For all stages, the
model results reveal a striking similarity between predicted patterns and
those observed in the field, as is confirmed by spectral analysis of the spatial
patterns revealing two steady-state wavelengths at scales of 0.15 m and 3.2
m respectively (Figure 4.A1). This indicates that model (4.1) can well explain
the emergence of nested patterns in mussel beds.

Results

We now used the model to investigate how these nested patterns, one
originating from a behavioral self-organization process, the other from
a demographic self-organization process, affects the functioning of self-
organized ecosystems. To do this, we used a full factorial design,
where we switched off 1) the behavioral self-organization process, 2) the
demographic self-organization process, and 3) all forms of self-organization,
and compared the predicted properties of the equilibria with that of the
full self-organizing model. To do this, we either switched off density-
dependence of mussel movement (i.e. we set h(x) = const.), switched off
large-scale spatial patterning by choosing the value of dispersion coefficient
for sediment outside the domain of pattern formation, or combined both.
Note that this method does not affect any of the demographic processes
directly, making it possible to compare the effects of loss of self-organization
on ecosystem dynamics and equilibrium mussel density. To do this, we
simulated changes in the equilibrium states along a gradient in algal
availability in the inflowing water Aup, one of the most important drivers
of the establishment and growth of mussel beds (van de Koppel et al., 2005).

The results of the full-factorial, numerical analysis revealed that the
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August 2009 About 4 days(A) (D)

September 2009 About 40 days(B) (E)

After long time About 400 days(C) (F)

Figure 4.2: Development of self-organized spatial patterns at two spatial scales
within mussel beds, where (A–C) represent the development of spatial patterns in
the field and (D–F) the prediction by the model. (A and B) depict the development
of a mussel bed 2 and 4 months after larval settlement in July 2009, at a tidal flat
near Cocksdorp, Texel, The Netherlands. (C) depicts a mature, undisturbed mussel
bed in the Menai strait. (D–F), The results of the model providing the predicted
development of self-organized spatial patterns at two spatial scales, nested within
one another, similar to what is found in the field. Parameter values used in the
simulation are listed in Table 4.A1. The insets show a magnified view of the nested
patterns.
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Figure 4.3: The effects of the increasing spatial complexity on ecosystem
functioning in terms of production and resilience. (A) Bifurcation diagram
representing the relation of average mussel density with the algal availability in
the overlying water, Aup, for 4 versions of the model, in which either behavioral
self-organization and demographic self-organization has been switch off in a full-
factoral setting. (B) The average mussel density at the tipping point (marked by
down-arrows in A). (C) the change of the size of the bistable domain, and (D) the
rate of pattern formation, for all four complexity treatments. Because simulations
have been starting from the same initial conditions, we can calculate the rate of
pattern formation as the time required to reach 95% of the average density that
characterizes a steady state pattern. Here, the abbreviation S-S and L-S represent
small-scale pattern and large-scale pattern respectively.
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interplay of behavioral and demographic self-organization has far-reaching
implications for the resilience of this ecosystem. When we switched off
all forms of self-organization, we found that the model exhibited alternate
stable states along a broad range of Aup. When Aup is very high, a single
stable state is found, characterized by a homogeneous, dense mussel bed.
When algal availability is very low, no mussel can survive, and a bare
domain devoid of mussels is predicted. At intermediate values in between
0.68 and 1.80, two stable states occur, one with ample mussels and a low
mortality rate due to mutual protection, the other bare, with mortality rates
being too high for mussel establishment Figure 4.3(A). A tipping point exists
at a relatively high algal availability of Aup = 0.68, at which a sudden
dramatic collapse can occur of a mussel bed characterized by a, for natural
conditions, high mussel density. Hence, without self-organization, mussel
beds are predicted to develop only at high algal availability, and have an
extensive range where they are vulnerable to perturbations that push them
to the alternate, degraded state.

If we successively include behavioral and demographic self-
organization, we observe a striking, progressive improvement of the
resilience of the mussel bed. The range at which alternate stable states occur,
and where the bed is vulnerable to disturbances, becomes progressively
smaller when behavioral self-organization is allowed (18%), when
demographic self-organization is allowed (20%), but most significantly
when both self-organization processes are allowed to interact (60%,
Figure 4.3B). Moreover, mussel beds are able to survive at progressively
lower values when the interacting forms of self-organization are introduced,
up to a 3 fold reduction in algal availability when behavioral and
demographic self-organization are interacting (Figure 4.3C). This allows
mussel density to decrease to much lower values before catastrophic shift
occurs, mediating the severity of the collapse in density (Figure 4.3C).
Finally, the time required to develop the bed is lowest when both types of
self-organization are interacting (see Figure 4.3D). These results provide a
striking illustration of the importance of the interaction of different levels of
self-organization and the complexity that emerges from it for the stability,
persistence and productivity of self-organized ecosystems.

We investigated the consequences of the interacting levels of spatial
complexity for the resilience of mussel bed systems to disturbances. We



80 Spatial complexity and emergent properties

240 250 260 270 280 290 300
Time

0.4

0.6

0.8

1.0

A
v
e
ra

g
e
 m

u
ss

e
l

(A)

Homog. Pattern

S-S State

L-S Pattern

Nested Pattern

0 5 10 15 20 25 30 35 40 45
Recovery time

Homog. state

S-S pattern

L-S pattern

Nested pattern

In
cre

a
se

d
 co

m
p
le

x
ity

(B)

Figure 4.4: The effects of increasing spatial complexity on ecological resilience. (A)
The results of four simulations using the same models as in Figure 4.3, describing
the recovery of a mussel beds after a perturbation in which the density of mussels
was reduced by 50%. (B) A quantitative comparison of the recovery time versus the
increased spatial complexity. Parameters are as in Table 4.A1 but Aup = 0.75.

imposed a disturbance to a mussel bed at its equilibrium state, in which
the density of the mussels was reduced to 50%, and studied the time it
required to return to equilibrium. We compared the recovery time to this
perturbation in four simulation runs that correspond to the factorial setup
described above. We found that the simulations with only small-scale
patterns and the no-self-organization setup had a much slower recovery to
their former states (see Figure 4.4) compare to the other two. The large-scale
spatial self-organization patterns and complex nested patterns recovered
much more quickly to their former states, in which the complex nested
patterns reveal a remarkable improvement relative to the one with only
large-scale patterns (Figure 4.4B). Hence, similar to the results from the
bifurcation analysis, spatial complexity proved an important determinant
of the vulnerability of mussel beds to disturbances.

This study highlights that the functioning and resilience of ecosystems
is shaped by the interaction of several levels of self-organization, caused
by behavioral, demographic and eco-engineering processes. In many
ecosystems, spatial self-organization results from organisms improving
their growth conditions by moving, modifying their environment, or
lowering predation risks. Mussel beds are a unique ecosystem in that
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different processes of self-organization create conspicuous regular patterns
at distinctly different scales, nested within one another. Although nested
regular patterns are also observed in other ecosystems (for instance
seagrass, corals), they are not a common phenomenon. Yet, in many
ecosystems, spatial organization develops due to a range of different
processes. In many estuaries, spatial self-organization occurs due to
biogeomophological processes shaping the landscape (Anderson et al.,
2010), plant-herbivore interaction creating patchiness, biological processes
shaping population distribution (van de Koppel et al., 1996), and collective
animal behavior affecting behavioral distributions. How these processes
interact has, so far, not been a dominant topic in the study of complexity
of ecosystems.

Positive feedback has long been recognized as an important driver of
the occurrence of alternate stable states in ecosystems, resulting in the
presence of catastrophic shifts, where sudden switches between ecosystem
states can occur. Our study highlights that natural ecosystems where
several processes of self-organization are interacting, exhibiting complexity
at different spatial scales and organizational levels, may be less likely
to experience catastrophic shifts. In these systems, processes such as
behavioral aggregation and spatial differentiation in growth conditions may
allow for persistence in the face of increasing stress, and recovery in the
face of disturbances, while ecosystems that lack self-organization are unable
to overcome such adversities and collapse to an alternate, often degraded
state. As human influence often results in homogenization of natural
ecosystems, and often impairs the movement and dispersal of organisms.
This reduces the opportunity for pattern formation at different spatial scales.
Our study demonstrates that this makes this ecosystem more vulnerable
to disturbances and increases potential for catastrophic collapse. Allowing
pattern formation at multiple spatial scales will improve the natural ability
of ecosystems to withstand the runaway effects of positive feedback leading
to collapse to degraded state. We have to allow ecosystems to develop
their full natural complexity at multiple spatial scales. Future studies
of complexity in other ecosystems may elucidate the generality of this
hypothesis.
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Appendix 4.A

Description of the model

We propose a model that combines a large-scale mussel patterning
model (Liu et al., 2012), and an individual-based mussel movement
model (van de Koppel et al., 2008). This is a deliberately generic and simple
spatial model for the study of multi-scale dynamics in ecosystems. Both
small-scale interaction and large-scale competition are included.

Demographic processes at relatively large scale are described by a
partial differential equation model with three variables, A(x, t) for algal
concentration in the benthic boundary layer, M(x, t) for mussel density, and
S(x, t) for sediment elevation at the location vector x and time t. The model
can be written as follows,

∂A

∂t
= f(Aup −A)− cS + ksg

ks + S
AM − V∇xA,

∂M

∂t
= ec

S + ksg

ks + S
AM − dm

km
km +M

M + ∇̃2M, (4.A1)

∂S

∂t
= k1M − dsS +Ds∇2S,

where tidal advection is represented by the term ∇xA with velocity V .
The spread of sediment is modeled by the diffusion term ∇2S. Here
Aup is the concentration of algae in the surface layer; f is the rate of
mass transfer between the benthic boundary layer and the rest of the
water column. c represents the maximal consumption rate, ks is sediment
level at which consumption is half maximal, g represents the minimal
consumption as a fraction of the maximamum. The parameter e describes
the conversion constant of ingested algae to mussel biomass; km is the
value of mussel biomass at which mortality is half maximal, and dm is the
maximal per capita mussel mortality rate. k1 describes the deposition of
sediment in the form of psuedofeaces per mussel, while ds describes the
erosion rate of the sediment. To account for the movement of individual
mussels we use the form ∇̃2M to express the mussel movement model
(individual based model, see also (Van de Koppel et al., 2008) for a detailed
description). Statistical analysis of experimental movement trails revealed
that the distances covered by the mussels in one minute followed an
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exponential distribution, where the frequency h of occurrence decreased
with movement distance x; h(x, β) = 1/β exp (−x/β). Here, the scaling
parameter β is a function of the densities of mussels in the neighborhood.
The multiple generalized linear model (GLM) analysis of the relationship
between movement speed and mussel density revealed that this scale
parameter β is negatively affected by density at a scale of 1.87 cm, but
positively affected by density at a scale of 7.5 cm (van de Koppel et al.,
2008). The scale-dependent feedback can be expressed as β = 1/(p0 +

p1L1− p2L2), where p0 represents an intercept (maximum movement speed
at zero density); L1 and L2 indicate the densities at the two different scales,
respectively. The coefficients p1 and p2 were obtained from a multiple GLM
regression. The values used in this study are listed in Table 4.A1.

Implementation of the model on a graphics processor

The implementation of this model (4.A1) consists of three steps. The
first step is to calculate mussel growth and mortality, along with algal
concentration and sediment elevation using the PDE components of the
model, which is implemented on a spatial grid of size 128 by 128. The
second step is to update local mussel density in the IBM representation
of the mussels, using the local densities predicted by the PDE. When
densities decrease locally, a random selection of mussels is removed. When
mussel density increases, the additional mussels are randomly added to the
grid cell. The last step is to calculate mussel movement at an individual
mussel scale. Due to the intensive calculations required to compute
mussel movement, the simulation was coded in the NVIDIA Compute
Unified Device Architecture (CUDA), a C-like language for Generally
Programmable Graphics Processing Units (GPGPU) and computed on
multiple NVIDIA Tesla C1060 high performance computing boards. The
simulation represents a 50 times 50 meter section of a mussel bed, and
contains in between 1000 and 3,000,000 individual mussels. Each simulation
run was started with randomized individual positions and local densities in
space.
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Switching off demographic and behavioral self-organization

A simulation that lacked small-scale, behavioral self-organization was
produced by setting the exponential distribution to β = 1/p0. In this
scenario, movement becomes a random Brownian motion, i.e. equivalent
to the Laplace operator∇2M

A simulation that lacked large-scale, demographic patterns was ob-
tained by increasing the value of the diffusion coefficient of sediment to
0.005 m2/h, which is outside of the domain allowing large-scale pattern
formation. This has no effect on the equilibrium densities predicted by
the simulation under homogeneous conditions, allowing for comparison
of the emergent effects of pattern formation. The homogeneous state was
implemented by setting the advection coefficient equal to zero.
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Figure S2. Spatial simulation of the proposed model and the fingerprint of the multi-scale patterning. (A) An illustration
of multi-scale patterns generated by the hybrid model on a 50 m by 50 m scale. (B) The spatial spectral analysis of the
multi-scale patterning. The upper panel in B shows the radial spectrum explained by a cosine of a specific wavelength
(x-axis direction) on the multi-scale patterning as was shown in A by 50 m by 50 m, where two distinct wavelengths present
at 0.15 and 3.2 meters on the semilog plot. The bottom panel shows the radial spectrum from a small-scale patterning
with 20 m by 20 m as was shown in Fig.S3, where the inset panel shows a magnified view of spectral analysis.

Figure 4.A1: Spatial simulation of the proposed model and the fingerprint of the
multi-scale patterning. (A) An illustration of multi-scale patterns generated by the
model on a 50 m by 50 m spatial scale. (B) The spatial spectral analysis of the multi-
scale patterning. The upper panel in B shows the radial spectrum explained by a
cosine of a specific wavelength (x-axis direction) on the multi-scale patterning as
was shown in (A) by 50 m by 50 m, where two distinct wavelengths present at 0.15
and 3.2 meters on the semilog plot. Inset shows the spectrum on a linear y-scale.
The bottom panel shows the radial spectrum from a small-scale patterning model
on a 20 m by 20 m domain, where the inset panel shows a magnified view of the
spectrum for small wavelength.



Chapter 4 85

Model parameter and interpretation

Symbol Interpretation Unit Value Source
km Half saturation constant of mussel

mortality
g/m2 500 van de Koppel

et al. (2005)
f Exchange coefficient between sur-

face and bottom
1/h 100 Estimated

Aup Concentration of algae in the upper
water layer

g/m3 0–2.5 Cadée and Hege-
man (2002)

c Maximum depletion coefficient m3/g/h 1.0 Riisgård (2001);
Scholten and
Smaal (1998)

ks Half-saturation constant of sedi-
ment

cm 20.0 Estimated

V Velocity of tidal flow m/h 360.0 Brinkman et al.
(2002)

e Conversion constant of ingested al-
gae to mussel production

g/g 0.02 (Sukhotin et al.,
2002; Cole et al.,
1992)

dm Maximal mortality rate per unit
time

1/h 0.002

Dm Diffusion coefficient of mussels m2/h 0 Estimated
k1 Per capita mud production by mus-

sels
m3 /g/h 0.0001 Cole et al. (1992)

ds Erosion rate of sediment 1/h 0.005
Ds Diffusion coefficient of sediment m2/h 0.0005 Widdows et al.

(2002)
g Uptake contrast between flat mus-

sel and hummock
— 0.1 Estimated

p0 Intercept of the maximum move-
ment speed

cm−1 0.5 (van de Koppel
et al., 2008)

p1 Coefficient of the small-scale feed-
back

cm 100.0 (van de Koppel
et al., 2008)

p2 Coefficient of the large-scale feed-
back

cm -80.0 (van de Koppel
et al., 2008)

Table 4.A1: Symbols, interpretation, units, values, and sources were used in
models.
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Abstract

Theoretical models highlight that spatially self-organized patterns can
have important emergent effects on the functioning of ecosystems,
for instance by increasing productivity and affecting the vulnerability
to catastrophic shifts. However, most theoretical studies presume
idealized homogeneous conditions, which are rarely met in real
ecosystems. Using self-organized mussel beds as a case study, we
reveal that spatial heterogeneity, resulting from the large-scale effects
of mussels on their environment, significantly alters the emergent
properties predicted by idealized self-organization models that use
homogeneous conditions. The proposed model explicitly considers
that the suspended algae, the prime food for the mussels, are
supplied by water flow from the seaward boundary of the bed,
generating a gradual depletion of algae over the simulated domain.
Predictions of the model are consistent with properties of natural
mussel patterns, featuring a decline in mussel’ biomass and a change in
patterning. Model analysis reveals a fundamental change in ecosystem
functioning when this intrinsic algal depletion gradient is included
in the model. Firstly, no enhancement of productivity is predicted
irrespective of parameter setting; the equilibrium amount of mussels
is entirely set by the input of algae. Secondly, alternate stable states,
potentially present in the original model, are absent when gradual
depletion of algae in the upper water layer is allowed. Our findings
stress the importance of including realistic environmental settings
when assessing the emergent properties of self-organized ecosystems.
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Introduction

S
elf-organized spatial patterns, resulting from the interaction among
organisms and their physical environment, have been found in a wide

range of ecosystems, ranging from arid bush lands to marine corals (see
Rietkerk and Van de Koppel, 2008, for a review). Theoretical studies
emphasize that self-organized patterns are critically important for the
functioning of ecosystem. Spatially self-organized ecosystems are more
diverse, (Kapral and Showalter, 1995; Sole and Bascompte, 2006), have
higher productivity (van de Koppel et al., 2005; Pringle et al., 2010; Weerman
et al., 2010) and are better able to withstand disturbance (Pascual and
Guichard, 2005; van de Koppel et al., 2005; Kefi et al., 2007; Bailey,
2011; Dakos et al., 2011) compared to non-patterned ecosystems. Hence,
self-organized patterns may generate important emergent properties for
ecosystem functioning. Yet, they can also induce alternate stable states,
making ecosystems vulnerable to sudden state shifts once a tipping point
is crossed (Scheffer et al., 2001; Scheffer and Carpenter, 2003; Rietkerk
et al., 2004). Understanding of the mechanism behind the development
of patterned landscape structures and their emergent effects on ecosystem
functioning is critical for the conservation of these unique and highly valued
ecosystems.

It is common for self-organization models to assume homogeneity
in environmental conditions, for instance by assuming a flat underlying
landscape and a homogeneous distribution of limiting resources. However,
field observations reveal that conspicuous large-scale gradients occur, most
likely resulting from changed environmental conditions, as found for
instance in mussel beds (Figure 5.1a). Strikingly, these gradients can result
from the interactions of the organisms with the physical or biological
environment, where biotic and abiotic processes are altered by the system
at large spatial scales. Currently, little theory exists of how heterogeneity
in conditions affects the emergent properties of spatial self-organization for
the functioning of ecosystems.

Here, we present a study on the importance of self-induced resource
gradients in regular spatial patterns observed in mussel beds in the Wadden
Sea, the Netherlands. In prior studies, we argued that the formation of
banded patterns in mussel beds at large spatial scale results from a scale-
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dependent feedback arising from the long-range competition for algae in
the lower water layer (van de Koppel et al., 2005) and small-scale facilitation
between mussels resulting from the effects of accumulation of sediment on
mussel growth (Liu et al., 2012). These spatially heterogeneous patterns
have an important role in promoting mussel survival and minimizing
the effects of competition (van de Koppel et al., 2008). Mathematical
models predict, based on homogeneous environmental settings, that mussel
beds are more productive when they have spatial patterns, but they are
more vulnerable to regime shifts at low algal availability or high wave
disturbance rates. However, how these predictions are affected by self-
induced gradients in environmental conditions, for instance caused by
depletion of algae in the higher water layers, is currently unknown.

In this paper, we unravel the implications of internal gradients in food
availability, generated by depletion of algae in higher water layers, for the
functioning of self-organized mussel beds. We analyze an extended version
of the mussel pattern formation model of Liu et al. (2012), in which we
introduce a more realistic description of algal transport through the system.
Specifically, we assume that algae enter the system with the tidal water
flow from the seaward boundary, using a fixed upstream concentration
instead of a periodic boundary condition that creates pre-depleted lower
water layers. Moreover, we allow for gradual depletion of algae from
the entire water column, generating a gradual decrease in availability of
algae to the mussels, which is reflected in the spatial pattern. This again
deviates from previous approaches in which the algal concentration in the
upper water column was kept fixed. We then analyze how this self-induced
depletion gradient affects the emergent properties of pattern formation in
the mussel bed, in terms of amount of mussels that is supported, the range
of algae concentrations in the incoming water under which beds can persist,
and the resilience of the bed to disturbances. Using our model results,
we discuss whether current theoretical models can provide a reliable and
realistic description of the large-scale dynamics and properties of real-world
ecosystems.

Experiment
(a) Material and methods
We investigated the presence of large-scale spatial gradients in the
properties of the mussel bed and of individual mussels across mussels beds
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in a field study. We selected a mussel bed at the south edge of the island
Schiermonnikoog, the Netherlands (53.46798◦N, 6.22494◦E), which displays
clear spatial patterns that are oriented perpendicular to the advective
direction of incoming tidal flow (see Figure 5.1a). This mussel bed has a
size of 300 m by 400 m and has an age of about 8 years. We sampled the
biomass of mussels at the edge and in the center of the mussel bed using a
corer (diameter 20 centimeter: 0.0314 m2). Samples were taken with fully-
covered mussel patches. From each sample the number of mussels, and
the volume (approximated as width by height by length) and dry weight
of each individual mussel were analyzed. Dry weight per square meter
was obtained from the samples after drying the soft tissue at 80 ◦C for 48
hours. We used a one-way ANOVA to analyze the difference in density and
biomass between the mussel bed edge and center positions, respectively. All
statistics were computed using the R package (http://www.r-project.org).

We further used aerial photographs to analyze changes in the properties
of the spatial patterns in terms of the cover percentage of mussels. Here,
the cover percentage indirectly reflects the mussel density. The original
remote sensing photographs are RGB images reflecting mussel aggregated
banding and bare sediment (Figure 5.1a). These color images are converted
to binary images of subsequent analysis of the cover of the mussel patches.
Black pixels correspond to areas occupied by mussels, whereas white areas
correspond to bare sediment. We measure the change of cover percentage
using a moving window method, which we move over the bed in the
overall direction perpendicular to the patterns in the bed. To analyze the
influence of the distance along the transects on the cover of mussel patches,
we applied a general linear model (GLM).

(b) Results

We observed a clear decrease of both individual and overall dry biomass
from the edge to the center of the mussel bed. While the density of the
mussels did not change significantly from the edge to the center of the
mussel bed (Figure 5.1b; F1,9 = 1.512, P = 0.25), mussels near the edge
contained more flesh (Figure 5.1c; one-way ANOVA, F1,9 = 9.78, P < 0.01)
and showed a higher net dry biomass per square meter (Figure 5.1d; one-
way ANOVA, F1,9 = 8.03, P < 0.01) compared to mussels near the center.
These findings suggest that a large-scale spatial gradient in algal availability
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Figure 5.1: A mussel bed in the Wadden Sea and the effect of position on the
properties of the mussels (a) Aerial photographs clearly show gradients in mussel
cover over a mussel bed, suggesting depletion of algae at large spatial scale. Within
the patches, edge-to-center gradients in mussel density per unit area (b), dry
biomass for individual mussel (c) and dry soft tissue biomass per unit area (d)
between the edge and center position, respectively; error bars denote ±SE.

occurs over the mussel bed, which is reflected in heavier individual mussels
and higher net dry biomass per square meter near the edge of the mussel
bed. As the density of the mussels does not change significantly, it is
unlikely that predation is an important factor. Hence, under the assumption
that mussels are the main consumers of algae over the bed, our results
support the hypothesis that mussels at the center have less food to consume
than the mussels at the edge due to large-scale depletion of algae.
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Analysis of aerial photographs of mussel beds in the Wadden Sea
revealed a clear change in the spatial properties of the mussel bed from
the seaward edge inward. Regression analysis of the relationship between
mussel cover and distance across the bed revealed a near linear decline
(Figure 5.2; linear regression, P < 0.001, R2 = 0.905), pointing at a decrease
in local carrying capacity, possibly because of decrease in the input of food
from the higher water layers to the benthic boundary layer in which the
mussels feed.
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Figure 5.2: Relationships between the cover of mussels on the bed and the distance
from the boundary edge, as obtained from aerial photographs.

Models

(a) Model description

In previous papers (van de Koppel et al., 2005; Liu et al., 2012), we identified
that the formation of self-organized spatial patterns depends crucially on
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two important ecological processes. In the first process, mussels promote
their own growth rate by accumulating sediment, which leads to the
formation of hummocks. On top of these hummocks, mussels have better
access to pelagic algae, their primary food source. At the same time,
consumption of algae by the mussels depletes algal concentrations from the
lower water layer, inhibiting their growth. This process acts over a larger
distance than hummock formation, which is a critical element for pattern
formation.

Below, we will present an extended version of the model of Liu et al.
(2012), in which we analyze the effects of large-scale depletion of algae from
the overall water column from the mussel bed edge at which the tidal water
enters to the other side where the water exits. We examine the effect of
algal depletion on the functioning of mussel beds in terms of productivity
and ecological resilience, as well as the effect of environment conditions on
mussel bed size. Here, we consider the simplest model that includes the
concentration of algae in the water, mussel density on the bottom and the
thickness of the mud layer on top of the sediment. Our model differs from
that of Liu et al. (2012) in that it describes the algal concentration in the entire
water column, and we assume that algae enter the water column from the
side, i.e. we employ a fixed upstream boundary concentration of algae. As a
consequence, this model induces a heterogeneous environment for pattern
formation where the overall availability of algae declines as the water moves
over the mussel bed.

Our model considers a column of seawater of thickness H , where
the mussels have direct access only to the algae at the bottom. Algal
concentration near the bottom is supplemented by vertical diffusion in
the water column and by advection from the tidal current in a horizontal
direction (Figure 5.3a).

First, we consider the dynamics of the suspended algal food. The
supply of algae is determined by horizontal advection of seawater by the
tidal current. Algal concentration is subject to horizontal and vertical
diffusion, with different diffusion coefficients for horizontal and vertical
directions. The depletion of the algae occurs at the bottom due to the
predation of mussels; concentration change of algae in middle layers
only occurs by diffuion and advection processes. The relations between
horizontal advection and diffusion, vertical diffusion and consumption can
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be expressed as:

∂A

∂t
= −V (z)

∂A

∂x
+Dh

(∂2A

∂x2
+
∂2A

∂y2

)
+Dz

∂2A

∂z2
, (5.1)

with the following boundary condtions: 1) a fixed upstream concentration,
A |x=0= As; 2) a no-gradient downstream concentration, ∂A

∂x = 0 at
x = xmax; 3) periodic boundary conditions in y-direction; 4) No-flux upper
boundary condition, ∂A

∂z = 0 at z = H ; and 5) a grazing flux at lower

boundary conditions, −D ∂A
∂z = −cA0M

(
S+ksg
S+ks

)(
1− M

K

)
.

Here, we denote algal concentration, mussel biomass, and sediment
elevation by variables A, M , and S, respectively. x is the horizontal
coordinate parallel to the tidal current, y is the perpendicular horizontal
coordinate, z is the vertical coordinate. The algae influx from the seaward
boundary is driven by advection induced by tidal currents with velocity
V (z) (a linear function of z). Horizontal diffusion of algae is given by
the Laplacian operator multiplied by diffusion constant Da. The third
term describes the vertical mixing of algae between the upper and lower
layers, with vertical diffusion constant Dz . For the lowest boundary layer,
algae face consumption by filter feeding mussels; hence, the boundary
formulation describes the predating processes by filtering mussels, where
c represents the maximal consumption rate, ks is sediment level at which
consumption is half maximal, g represents the minimal consumption as a
fraction of the maximal, and K is the carrying capacity of the mussels, as
set by other factors than food. K is introduced in the model to eliminate
unrealistically high growth of mussels at the seaward boundary.

As mentioned previously, we assume that algae enter the system with
the tidal water flow from the seaward boundary. Therefore, we assume fixed
boundary conditions with respect to the algal concentration. The initial
conditions are given by

Ai(x, y, z) =

{
As
2 if x 6= 0,
As if x = 0.

(5.2)

Mussel growth and mortality on soft-sediment are for a large part
determined by the combination of algal availability and by losses imposed
by wave dislodgment and predation. Mussel biomass per unit area
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(M, g/m2) is described by

∂M

∂t
= ecA0M

(S + ksg

S + ks

)(
1− M

K

)
− dmM +Dm

(∂2M

∂x2
+
∂2M

∂y2

)
, (5.3)

where A0 denotes the boundary concentration of algae at z = 0. We assume
that sediment accumulation positively affects the feeding rate. Hence, this
results in a positive feedback between sediment accumulation and mussel
growth (Liu et al., 2012). We assume that the movement of mussels is
random in any horizontal direction and therefore we adopt the classical
diffusion approximation, using the Laplacian operator. e describes the
conversion constant of ingested algae to mussel biomass. Finally, the
parameter dm represents the loss rate of mussels, combining the effects of
respiration, predation and wave dislodgment.

We consider that net sediment accumulation is determined by the
balance of excretion of fine-grained sediment particles by mussels and
sediment erosion processes. Sediment excretion by mussels occurs in the
form of pseudofaeces that are produced in response to the involuntary
consumption of inorganic sediment from the water column, while erosion is
proportional to the amount of sediment present. Thus the simplified version
of the sediment equation reads

∂S

∂t
= k1M − dsS +Ds

(∂2S

∂x2
+
∂2S

∂y2

)
. (5.4)

Here S is defined as the sediment elevation on the top of the pre-existing
tidal flat surface, k1 describes the deposition of sediment in the form
of pseudofaeces per mussel, while ds describes the erosion rate of the
sediment. Sediment is assumed to disperse in a diffusive manner, where
the diffusion is proportional to the diffusion coefficient Ds. Here, Ds is very
small compared to the other diffusion constants in the model. This diffusion
process is caused by water flow and hydrodynamic processes.

We consider the variation of sediment height as a result of pseudofaeces
accumulation small in comparison with the height of the water column, and
have not incorporated it into the geometric layout of the model. Thus, the
height of the water column is assumed homogeneous throughout. Note also
that, although the current is described as a tidal current, we do not consider
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the effect of varying height of the water column due to tide either.

Equations (5.1)-(5.4) govern the formation of regular spatial patterns in
mussel beds. Using this set of partial differential equations, we study the
implications of spatial heterogeneity for the functioning of self-organized
mussel beds, in terms of productivity and vulnerability to catastrophic
shifts. All parameters are based on empirical data, either measured at our
study sites, or obtained from previous studies. In appendix 5.A, we provide
the units and explanations on the parameters that were used in the model.

(b) Model analyses

The development of mussel beds is simulated numerically with forward
Euler integration of the differential equations (5.1)-(5.4) using the Compute
Unified Device Architecture (CUDA) C programming environment of
NVidia (www.nvidia.com/cuda) on a HP Z800 workstation with an
NVIDIA Tesla C1060 computing processor. We simulated the grid space
of 1024 by 1024 by 8 points representing a natural length of 400 by 400 by
1 meter in the real world. The used algorithm was based on an existing 2D
model for mussel pattern formation (van de Koppel et al., 2011) and further
extended to allow 3d computations. Starting conditions are homogeneous
with a slight spatially variable, random perturbation of mussel biomass,
in order to mimic the initial settlement of young mussels on the sediment
surface.

Results

We first present the qualitative predictions resulting from the theoretical
model, and then compare the predicted patterns with field observations,
in terms of the changes of the patterns and size of mussel beds under
different environmental conditions. Then, using this model, we further infer
how intrinsic depletion gradients affect the emergent properties of spatial
patterns in mussel beds, in terms of mussel productivity and alternative
stable states.



98 Intrinsic heterogeneity on emergent properties

D
ep

th
o
f

w
at

er
,
z Sea surface

Mussels

HAlgae flow Turbulent diffusion

Sediment

(a)

6

4

2

 

 

 

 
0 50 100 150 200 250 300

0

1

2

3

A
1 a

nd
 M

/1
00

 

 

0.5 0.6 0.7 0.8 0.9 10 50 100 150 200

Mussel 
Algal one
Sediment

z

x

y

x

(b)

(c)

(d) (e)

Figure 5.3: Schematic representation in the (x, z) plane of the algal flow model and
the results of a simulation with this model of the development of spatial patterns on
a mussel bed. The algae’s supply by the tidal flow is indicated by the arrows, where
the velocity decreases to close to zero as the bottom is approached (a). Snapshot of
the algal profile (b) and the density of the mussels and the sediment elevation (c) at
a cross-section in (x, z) plane. (d) and (e) show the spatial patterns of the mussels
and the algae respectively in (x, y) plane with periodic boundary conditions in y-
direction.
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(a) Development of self-organized patterns

Using the parameters presented in Table 5.A1 in Appendix 5.A, model
simulations predict that a large-scale, spatially heterogeneous pattern can
develop due to the gradual depletion of algae entering from the seaward
edge. The concentration of algae in the overlaying water mirrors this
pattern, and reveals the gradual depletion of the algae in the higher water
layers (Figure 5.3d). Comparison of the predictions of the model with field
observations reveals similar spatial features in terms of the decrease of cover
(cf. Figure 5.1a and Figure 5.3d), although the increase in wavelength is
not closely matched by the observations. Yet, the model captures essential
features of natural mussel beds, in terms of the broad band of mussels when
the algal-rich water enters the bed, and a gradual decrease of the width of
bands as one moves into the bed.

We analyzed how changes in the properties of the incoming tidal water,
in terms of its algal content and its flow velocity, affect the properties of the
beds. Increase of the algal concentration clearly increased the size of the bed
and the total biomass of mussels that it sustains (see Figure 5.4). Increased
flow velocity similarly increased mussel bed size, primarily by spacing out
the mussels more extensively, as a longer distance is required to replenish
the lowest water layer before it can support another band of mussels.

(b) The effects of spatial heterogeneity on ecosystem functioning

Theoretical models of self-organized systems generally predict that pat-
terned ecosystem states can exhibit a discontinuous transition when
environmental stress reaches a tipping point (Rietkerk et al., 2004; van de
Koppel and Crain, 2006; Kéfi et al., 2010). Under homogeneous conditions,
this property also holds for the model in the absence of gradients in algal
availability (Liu et al., 2012, Figure 5.5b). Here, the model exhibits alternate
stable state at low values of As, one lacking mussels, and one characterized
by a patterned mussel bed. However, when we include depletion of algae in
the upper water layers, no alternate stable states are observed; a continuous
transition is found as mussel biomass decreases gradually with decreasing
algal input (see Figure 5.5a). Moreover, results reveal that there is no
enhancement of productivity, an important emergent effect of patterning
in many self-organized models, when internal gradients in algal availability
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Figure 5.4: The effect of changes in advective velocity (V) and the algal
concentration in the inflowing water (As) input algae on the development of a
mussel bed, where the inset numbers indicate the total biomass.

are present, independent of parameter settings. Hence, heterogeneity in the
biotic conditions along the direction of water flow fundamentally changes
the emergent properties of mussels beds, the most important of which is
that mussel beds are as vulnerable to large-scale collapse as is presumed on
basis of standard self-organization models operating under homogeneous
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conditions.
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Figure 5.5: Effects of spatial heterogeneity on the relation between imposed algal
boundary concentration and the average biomass in the simulated domain, for a
model where the upper water layer can get depleted (a), and a model that presumes
a homogeneous, non-depleting upper water layer (b). We plotted the average
productivity from pattern states and non-patterned states, where the boundary
supply algae model predicts no enhancement of productivity on self-organization
patterns. Note that in the model in (a) the boundary condition As is imposed at the
upstream horizontal boundary, whereas in (b) it is imposed as a fixed concentration
in the upper water layer while horizontal boundary conditions are periodic. The
average algal biomass in the upper water layers is equal for both models, allowing a
comparison of the properties of the pattern.

Discussion

The formation of regular, self-organized spatial patterns has been widely
described in ecosystems ranging from arid bush lands to marine coral reefs
(Rietkerk and Van de Koppel, 2008). These patterns have typically been
modeled assuming a uniform initial distribution of limiting resources. This
assumption, however, is violated in many ecosystems, as clear heteroge-
neous environmental conditions are more the rule than an exception. Our
study reveals that large-scale heterogeneous conditions can fundamentally
change the effects that self-organized spatial patterns have on ecosystem
functioning. Using patterned mussel beds as a case study, we show that
large-scale gradients in algal availability, caused by depletion of algae from
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higher water layers, affects both the productivity of the mussel bed and the
response of the bed to changing conditions. More specifically, we found
that the gradients in algal availability eliminate the potential for alternative
stable states, and hence mussel beds are predicted to respond in a much
more continuous way to degrading conditions than previously anticipated.
Moreover, no increased productivity is predicted, irrespective of parameters
settings.

Real-world self-organized ecosystems develop under complex physical
or biological conditions that can lead to spatial heterogeneity. The results of
our field experiments clearly point out that in mussel beds, the tidal setting
imposes a gradient in algal availability, as the mussels progressively deplete
the algae in the overlying water. We found that the biomass, the cover and
the size of mussel patches decrease from the side of the incoming tidal water
to the opposite side. We hypothesize that this is most probably explained
by the gradual decrease in algae availability, caused by consumption by the
mussels. Alternative mechanisms can contribute to this, such as a decline
of wave disturbance, because mussel beds can also generate gradients in
wave action (Kimbro and Grosholz, 2006; Moeser et al., 2006; Donker et al.,
2012). However, this possible explanation can be excluded based on field
measurement on wave energy, detected from the edges to rear of the mussel
bed. Here, no a significant dissipation of wave energy between the edges
of mussel beds and the rear of mussel beds was detected, in part due to
increased elevation across the bed (Donker et al., 2012). Hence, our model
captures an important, though not necessarily the only possible mechanism
that can cause intrinsic heterogeneity.

Our new model differs from the original models in two crucial ways.
In the first place, we presume a fixed algal concentration in the entire
water column, although depth-dependent, rather than a periodic boundary
condition that creates pre-depleted in the lower layer water. As a
consequence, the mussel beds starts with a thick initial band, very similar
to what is found in real-world mussel beds. As this band always receives
undepleted water, the potential for alternate stable states is much reduced in
this model, and the survival threshold with regard to the algal concentration
in the incoming water is much lower. Second, depletion occurs in the
entire water column, rather than only in the benthic boundary layer. As
a consequence, the patterns slowly change in character as one moves over
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the mussel bed, again similar to what is found in natural mussel beds. Yet,
a sound numerical comparison between the models is very difficult, as the
way the two models approach algal influx into the system is completely
different, which explains, for instance, the huge difference in equilibrium
biomass, as can be observed in Figure 5.5.

In the past decade, a number of studies have highlighted that self-
organized spatial patterns can have important emergent implications for the
functioning of ecosystems (Rietkerk et al., 2004; van de Koppel et al., 2005;
Pringle et al., 2010; Weerman et al., 2010; Liu et al., 2012). However, how
large-scale spatial heterogeneity affects the predicted emergent properties
is still unknown. Mussel beds are not an unique ecosystem in revealing
gradients in the properties of the observed patterns, similar changes from
a banded pattern to a labyrinth pattern can be observed in arid ecosystems
as the slope of the landscape decreases. Our study highlights that these
changes in the nature of the patterns can have a large impact on the
functioning of these systems at large spatial scales, as was predicted by our
model analysis. Hence, our study underlines the importance of including
realistic environmental settings when assessing the emergent properties of
self-organized ecosystems.

It is an important and interesting question to infer what determines
the robustness of ecosystems to disturbance. A recent study suggests that
the size of mussel beds has a strongly nonlinear effect on the chances of
persistence of the bed as a whole (data collected from Wadden Sea in the
Netherlands by Tjisse van der Heide and Ellen Weerman, unpublished).
Our results highlight that the size of mussel beds is under the control
of a number of biotic and abiotic factors. Logically, the most important
effect is the amount of food available to the mussels. This is in the first
place determined by the concentration of algal food in the incoming water.
However, also the flow rate of the water, a second factor determining the net
influx of food, was found to determine the realized size of the mussel bed in
the model. In other words, conditions with high flow rates support larger
mussel beds that 1) harbor more mussels and 2) occupy more space. Our
study thereby highlights the importance of understanding both the physical
as well as the biological determinant of mussel bed size.

The phenomenon of alternative stable state (ASS) is a leading concept
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in conservation ecology. Generally, positive feedback gives a runaway
effect that moves the entire ecosystem into a new state, overwhelming the
existing community. Yet, this topic is based on theoretical models that
presume conditions that are violated in nearly any real ecosystem. In
many ecosystems, mechanisms exists that can buffer against alternate stable
states, and hence the presence of alternate stable states is by no means
certain when positive feedbacks are at play. In our study, we highlighted
that a simple mechanism causing spatial heterogeneous conditions for
growth at large spatial scales (i.e. beyond the scale of the single band
of mussels) could entirely inhibit the potential of alternate stable state in
mussel beds. Our results now highlight an important general question:
are runaway responses in ecosystems overwhelming enough to generate a
system-wide shift to an alternative stable state, or do spatial heterogeneity
within ecosystems provide sufficient buffer against such runaway responses
to preclude the possibility of state switches. This crucial question needs to
be solved for alternative stable state theory to develop into a mature theory
that is applicable in a conservation context.
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Appendix 5.A

Model parameters

We present here a table of symbols, interpretation, units, values, and sources
of parameters used in our model.

Symbol Interpretation Unit Value Source
Dm Diffusion coefficient of mussels m2/h 0.0001 Variance
Ds Diffusion coefficient of sediment m2/h 0.0001 Variance
V Velocity of fluid at boundary layer m/h ≈ 360 Brinkman et al.

(2002)
Da Horizontal diffusion coefficient of

algae
m2/h 0.0005 Variance

Dz Vertical diffusion coefficient of al-
gae

m2/h 0.0125 Variance

As Algal concentration at seaward g/m3 2.0 Cadée and Hege-
man (2002)

H Total height of water layer m 1.0 Measurement
c Maximum depletion coefficient m3/g/h 1.0 Scholten and S-

maal (1998); Riis-
gård (2001)

e Conversion constant of ingested al-
gae to mussel production

g/g 0.02 (Sukhotin et al.,
2002; Cole et al.,
1992)

ks Half-saturation constant of sedi-
ment

cm 20.0 Estimated

K Carrying capacity of mussels per
unit area

g/m2 1000.0 Measurement

dm Maximal mortality rate per unit
time

1/h 0.002 Estimated

g Uptake contrast between flat mus-
sel and hummock

— 0.1 Estimated

k1 Production of mud per capital mus-
sels

cm/g/h 0.0001 Cole et al. (1992)

ds Erosion rate of sediment 1/h 0.005 Widdows et al.
(2002)

Table 5.A1: Symbols, interpretation, units, values, and sources are used in the
model.
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Abstract

Many ecosystems develop striking spatial patterns. This is caused by
small-scale interactions between organisms, a process called spatial self-
organization. Originating from the selection pressure on the participat-
ing organisms, patterns are important determinants of the functioning
of the systems, promoting growth and survival, and affecting the
capacity to cope with changing environmental conditions. Until
recently pattern formation was explained by spatial heterogeneity in
demographic processes such as growth, birth and mortality. However,
a number of recent studies have led to the recognition that density-
dependent movement comprises an important mechanism for pattern
formation. Here, we review the studies that detail movement-
based pattern formation in contrasting ecological settings. These
studies highlight a common principle, well known to physics as the
Cahn-Hilliard principle of phase separation. We provide a heuristic
procedure explaining how this movement principle drives regular
pattern formation and how to test this mechanism experimentally. Our
study highlights that a behavioural process such as movement, both in
isolation and in unison with demographic processes, can determine
spatial complexity in ecosystems.
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Spatial self-organized patterning in ecology

When left undisturbed, many ecosystems develop natural spatial orga-
nization caused by self-organizing processes (Sole and Bascompte,

2006; Rietkerk and Van de Koppel, 2008). Such self-organized spatial
patterns are characteristic of a wide range of ecosystems, varying from
arid bushlands to marine corals (Rietkerk and Van de Koppel, 2008).
So far, spatial patterns in ecosystems have been explained by spatial
variation in demographic processes such as local growth, birth, mortality
or respiration (see Rietkerk and Van de Koppel, 2008, for a review).
This variation is considered to result from interactions between organisms
operating at different scales. An example of such a scale-dependent
interaction is localized facilitation between individuals in combination with
large scale competition for resources, found for example in patterned arid
bushland and mussel beds (Klausmeier, 1999; Rietkerk et al., 2002; van de
Koppel et al., 2005; Liu et al., 2012). Spatial self-organized patterns are
considered key to understanding ecological stability, diversity (Sole and
Bascompte, 2006) and ecosystems functioning (van de Koppel et al., 2005,
2008; Scheffer et al., 2009; Pringle et al., 2010; Liu et al., 2012).

In the past decade, various mechanisms of spatial self-organization in
ecology have been proposed, mechanisms that are strikingly different (Ther-
aulaz et al., 2002; van de Koppel et al., 2008; Liu et al., 2012; Klausmeier,
1999; Rietkerk and Van de Koppel, 2008; Liu et al., 2011; Cates et al., 2010). In
these papers, organisms such as mussels, bacteria and ants respond to local
density when moving, leading to the formation of regular patterns, or even
more complex spatial structures (Liu et al., 2013, chapter 3). The net effect
of such a behavioural adaptation is that organisms aggregate into clumps
or colonies even in the absence of demographic self-organization processes.
While demographic self-organization can take years to decades for patterns
to develop, movement-driven, behavioural, self-organization can occur on
very short timescales, for mollusks such as mussels even shorter than a
day (Theraulaz et al., 2002; van de Koppel et al., 2008) and for flocking birds
within hours or even minutes (Folmer et al., 2012). Because of its seeming
ubiquity, movement-driven self-organization may be of particular relevance
to the resilience of ecosystems, especially when considering disturbances
that affect spatial structure.
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In this paper, we review studies on movement-driven self-organization
in ecological systems. We show that these examples follow the physical
principle of phase separation (Cahn and Hilliard, 1958). So-far unrecognized
in ecology, this principle explains movement-driven self-organization in a
wide range of physical, chemical and as we will demonstrate, ecological
systems. We discuss the conditions under which phase separation occurs
and whether these conditions are likely to be common.

Empirical evidence of behaviourally-driven spatial self-
organization

Mussel beds. The blue mussel (Mytilus edulis) is a common filter-
feeding animal living on intertidal flats. Mussels develop net-shaped or
clumped spatial patterns at small spatial scales (less than 1 m), especially
found in mussel beds on soft sediments (see Figure 6.1A). Laboratory
experiments demonstrate that both net-shaped and clumped patterns can
develop from a homogenous initial distribution due to a behavioural
response of the mussels to the local conspecifics densities, where their
movement speed changes with local mussel density (van de Koppel et al.,
2008). Mussels move fast at both low and high density, but move much
slower at intermediate densities. This leads to aggregation into clumps
of intermediate size. The laboratory experiments, lasting maximally a
single day, highlight that pattern formation at the clump scale is a purely
behavioral process; no demographic processes are at play at these short
experimental timescales. Such a process of behavioural self-organization
that explains the emergence of regular distributed mussel clumps are
adaptive in that they simultaneously reduce predation and dislodgment
risks and minimize competition for algae (van de Koppel et al., 2008).

Ants. Movement-driven self-organization processes are an important factor
in the building of spatial structures by social insects (Camazine et al., 2003;
Theraulaz et al., 2002). For instance, the ant of the species Messor sancta
gather their corpses at a specific place to form an ant cemetery. This
process is completely spontaneous, as there is no prior information, nor a
leader, among ants. A single cluster (pile) is gradually built as the result
of a collective effect, where ants pick up a corpse from a small pile of
dead bodies and then deposit the corpse in an already existing cluster.
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Experimental observation of ant behaviour shows that ants pick up or drop
corpses with a probability that depends on the local density of corpses,
where the unladen ants pick up corpses with a probability that significantly
declines at larger cluster sizes, whereas corpse-carrying ants drop corpses
with a probability that increases with cluster size (Theraulaz et al., 2002). In
addition, ants drop corpses with a fixed probability outside piles, leading
to a limited range of transport. If the size of the experimental arena is
limited, or if the area contains spatial heterogeneities, ordered clusters
will develop along the borders of the arena or more generally along the
heterogeneities (Bonabeau et al., 1999; Theraulaz et al., 2002). Such a self-
organized pattern is shown in Figure 6.1B. Similar to the mussel example,
movement is the dominant process of pattern formation, as corpses are
aggregated by density-dependent movement of the ants.

Slime molds. The cellular slime mold, Dictyostelium discoideum, is a social
soil amoeba with a complex life cycle. It morphs from a collection of
unicellular amoebae into a multicellular slug and finally into a fruiting
body (Tyler, 1994). The movement of the cells of D. discoideum during
the aggregation and the migration stages is controlled by cAMP, which
is produced by the cells themselves (Tyson and Murray, 1989; Plsson and
Cox, 1996; Dormann and Weijer, 2006; Hofer et al., 1995). At an early
stage a few scattered cells spontaneously secrete a single pulse of cAMP
(cyclic adenosine monophosphate), followed by cells in the surrounding
secreting more cAMP. This disturbance initially triggers the movement of D.
discoideum into aggregation, later to form connected banding that migrate
toward the higher concentration of cAMP, like a travelling wave. Thus,
cells in dense concentrations will produce more cAMP, lead to a higher
movement speed for amoeba until saturating at a maximal speed at high
cell density (Tyson and Murray, 1989; Hofer et al., 1995; van Oss et al.,
1996). Therefore, the underlying mechanism of this aggregative movement
is indirectly controlled by local cell densities. The typical patterns are spiral
waves in D. discoidenum as shown in Figure 6.1C.

Bacteria. The bacterium Escherichia coli, and other bacteria as a consequence
of different movement patterns, may form a wide variety of colony
structures ranging from arrays of spots to radially oriented stripes and
arrangements of more complex elongated spots (Budrene and Berg,
1991, 1995). Alternative patterns include regular stripes and circular
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Figure 6.1: Observations of self-organization patterns from visible ecology. (A)
Labyrinth pattern of small-scale mussel beds in intertidal flats (scale about 50 cm).
(B) Self-organized cluster formation in ants driven by aggregation starting from a
random initial condition (Theraulaz et al., 2002). (C) Self-organized spiral wave
pattern in Dictyostelium discoideum (Palsson and Cox 1996). (D) Typical patterns
obtained for the engineered strain CL3 (Escherichia coli, (Liu et al., 2011)), where
the CL3 cells spotted at the center of a semi-solid agar plate, scale bar about 1 cm.

rings when bacteria are growth in a matrix of agar with the inducer
anhydrotetracycline (Liu et al., 2011). The traditional explanation of pattern
formation in bacteria is that it is based on chemotactic behaviour (Tsimring
et al., 1995; Mittal et al., 2003), where bacteria emit a chemoattractant when
they experience oxidative stress conditions. Bacterial cells are thought to
sense this chemical environment and swim up a gradient, creating spatial
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concentrations of bacterial cells, after which eventually the bacteria turn
nonmotile, freezing the pattern into space. However, recent studies show
that the key process explaining aggregation is deceleration of movement
at high cell density (Brenner, 2010; Cates et al., 2010; Fu et al., 2012; Liu
et al., 2011). Specially, the direct interaction of bacteria with attractant
or nutrient fields can be ignored completely (Liu et al., 2011; Cates et al.,
2010). Instead, it can be captured by density-dependent mobility, where the
swimming speed of E. coli changes with the density of conspecifics in the
local environment. This process will lead to a net cell flow toward the high
density region and spatial pattern formation in the long run (Figure 6.1D).

A physical principle

The studies reviewed reveal movement-driven aggregation as a new
mechanism for spatial self-organization patterns, something that was not
recognized within ecology beyond the work on moving vertebrates (Couzin
and Krause, 2003; Folmer et al., 2012). In physics, however, it is widely
recognized that aggregation can lead to the formation of self-organized
patterns, in a process called phase separation. Phase separation describes
the spontaneous separation of mixed fluids, such as molten alloys, into
their separate components. During this process, patterns emerge which
grow coarser in time. The physical principle of phase separation has been
conceptualized into a simple partial differential equation by Cahn and
Hilliard in 1958 (Cahn and Hilliard, 1958). Central to the CH principle
is a switch from dispersive to aggregative movement of particles as the
local concentration of similar particles increases. The Cahn-Hilliard model
has become the standard description of phase separation driving pattern
formation in metal alloys (Bray, 2002), fluid flow (Falk, 1992), and biological
applications (Cohen and Murray, 1981; Chomaz et al., 2004).

Interestingly, our recent mathematical study of the aggregative move-
ment of mussels demonstrates that the Cahn-Hilliard principle can be
extended to understand how spatial patterns develop from the aggregative
movement of organisms (see Box I). Mathematical analysis revealed that a
decrease of movement speed at intermediate density translates into a shift
from dispersive movement at low mussel density to aggregative movement
at intermediate density, which is an essential condition for pattern formation
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in the CH principle. In chapter 3, we showed that the model of density-
dependent aggregation and pattern formation in mussels is mathematically
equivalent to the original model of Cahn and Hilliard. Hence, aggregation
and pattern formation in mussels is equivalent to the physical process of
phase separation.

Box I: The activator-inhibitor and phase separation principles

The models of Turing (Turing, 1952) and Cahn-Hilliard (Cahn and
Hilliard, 1958) outline two fundamentally different principles of spatial
self-organization. Turing’s model for pattern formation is based on the
interaction between (minimally) two species, an activator and an inhibitor
(Box I: Fig A), which disperse at different rates in space. The interplay
between the activator and the inhibitor results in spatial variation in the
net growth of reaction between the interacting species, which amplifies
local variability, leading to the formation of spatial patterns. In contrast,
the Cahn and Hilliard model for phase separation and subsequent pattern
formation only requires a single species, whose net movement switches
between aggregation and dispersion as a function of its own local density
(Box I: Fig B).

Activator

Inhibitor

Species

Self-activation

fluxflux

+

mobility mobility

start

end
−

+

start

end

(A) Alan Turing

Arid patterns

(B) Cahn-Hilliard

Mussel patterns

Figure I: (A) Alan Turings (1912-1954) principle for spatial pattern formation,
based on the interaction of an activator and an inhibitor. Here, the activator can
generate by itself-activation process and also activates the inhibitor. The two
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species diffuse through the system at different rates, with the inhibitor moving
faster than the activator. As a result, the activator has a net positive effect on
itself at short distance, but inhibits itself at longer distance. This principle has
been used to explain regular pattern formation in morphological development,
chemical interactions, and ecosystems. (B) The Cahn-Hilliard principle (John W
Cahn, 1928-present; John E Hilliard, 1926-1987) for phase separation in pattern
formation. This principle is based on density-dependent movement, where species
tend to disperse at low and very high density, but aggregate at intermediate
density. The principle has been used to explain self-organized patterns in metal
alloys, formation of mineral, and in mussel beds.

The process of phase separation as outlined by Cahn and Hilliard
might provide an alternative mechanism driving regular pattern formation
to the activator-inhibitor principle that was proposed by Alan Turing
in 1952 (Turing, 1952; Meinhardt et al., 2003). In contrast to the
movement-based CH principle, the activator-inhibitor principle is based on
demographic processes, where spatial differentiation in birth rate, growth,
mortality rate and decay explain the formation of patterns (see Box I).
So far, this mechanism has successfully been applied to a wide range of
self-organized ecosystems, such as arid lands, boreal peat lands, wetlands
and intertidal mudflats (Klausmeier, 1999; van de Koppel et al., 2005;
Rietkerk and Van de Koppel, 2008), describing how spatial patterns develop
spontaneously resulting from of facilitative and inhibiting processes on
organismal growth.

Although the model of Cahn and Hilliard’s can generate similar spatial
patterns as those predicted by models that follow Turing’s activator-
inhibitor principle, there are several crucial differences between them.
Firstly, phase separation patterning is essentially mass conserving, as it
only involves movement or diffusive processes, at least when following
the standard definition and equations (Cahn and Hilliard, 1958). However,
the activator-inhibitor principle is not a mass conserving processes per se,
as spatial variation in growth and mortality are the essential processes.
It typically involves a substance that changes in state, such as in arid
systems, e.g., where surface water, essential to plant growth, infiltrates
underneath vegetation to become soil water with a much lower horizontal
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mobility, facilitating local growth. Secondly, Turing patterns exhibit
a characteristic wavelength, or a number of these, under constant
environmental conditions. In contrast, in phase separation patterns there
in not such saturated wavelength, where it gradually changes, showing a
power law relation between wavelength and time, which is referred to as
the Lifshitz-Slyozov law (Lifshitz and Slyozov, 1961; Bray, 2002). However,
this power law may collapse on the long term due to biological interaction
beyond movement, as was found in mussel beds ecosystems (see Liu et al.,
2013, chapter 3).

Movement driving the spatial distribution of animals in
other systems

Aggregation at intermediate density in mussels is driven by the need for
protection from wave actions and predation. The formation of aggregations
such as clusters of sessile animals or herds of mammals as an anti-predator
defence is very general in nature, and is, like the mussel system, driven by
movement. Hence, beyond providing a general principle for the formation
of patterns as was described in the above mentioned examples, the principle
of phase separation may extend to aggregation in mobile organism such
as birds, mammals, and fish, which are known to aggregate in response to
predator presence in order to increase predator sighting efficiency (Folmer,
2012; Folmer et al., 2012), and mobile predators (Couzin and Krause, 2003;
Handegard et al., 2012; Ioannou et al., 2012).

Many studies have pointed out that density-dependent movement
behavior is a universal phenomenon in biology (Farrell et al., 2012)
and ecology (Turchin, 1989; Turchin and Kareiva, 1989; Theraulaz et al.,
2002; van de Koppel et al., 2008). Next, we highlight quantitative
experimental results that reveal density-dependent movement behavior in
animals under a wide range of circumstances. We start with discussing
quantitative measurements of density-dependent movement during pattern
formation in mussels, and show that other examples of self-organization
that involve animal movement reveal similar density-dependent movement
patterns (Theraulaz et al., 2002; van de Koppel et al., 2008), as well
as further evidence that reveals this behavior under non-selforganizing
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conditions (Turchin and Kareiva, 1989; Turchin, 1989).

Results from quantitative experiments of mussel movement revealed
that mussel movement speed changes in a characteristic fashion with local
mussel density (Figure 6.2A). These data were further analyzed to confirm
that the relative drop in movement speed leads to negative diffusion at
intermediate densities, or in other words, aggregation of mussels into
intermediate-sized clumps (see chapter 3). Similar results were found
for ant colonies, where experimental results reveal that the probability of
dropping an ant corpse increased with pile size in the ants, as shown
in Figure 6.2(B). However, unlike with mussel movement behavior, ant
movement displays a monotonic relationship with local ant density.

Beyond self-organized pattern formation, empirical evidence suggests
that density-dependent movement is a universal phenomenon in ecology,
as was found in social insects such as aphids and beetles (Turchin and
Kareiva, 1989; Turchin, 1989). Empirical data of aphid movement were
obtained using marked aphids varians on fireweed flower stalks. The data
show that settlement of moving aphids increases as a function of local aphid
density during the first 6-8 hours after aphids released. The probability of
termination of movement by the aphids increased by more than an order
of magnitude as the local density increased from 1 to 40 individuals (see
Figure 6.2C). Similar to the aphids, the movement of beetles (Mexican bean
beetle) is affected by the density of conspecifics. The experiment shows
that, at low beetle densities (less than 20 beetles per plant), the probability
of movement was not affected by the number of conspecifics on the plant
(Figure 6.2D). However, it fast went up when the beetle density increased
beyond 20 beetles per plant. Such behavior data suggest that at high
population densities beetle movement becomes overdispersive.

Collective behavior. Density dependent movement is found in a wide
range of ecological settings. For instance, using density-dependent
movement features, Farrell et al. (2012) and Buhl et al. (2006) showed
that a group of individuals that align their direction and patterns with
that of their neighbors undergo a rapid transition from random motion
to coherent motion where all individuals move in a common direction
and form a spotted and stripped patterns. In parallel, Méhes et al.
(2012) showed that collective cell migration in 2-dimensional cultures also
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Figure 6.2: Experimental evidence for density-dependent movement. (A)
Experimental data showing that mussel-movement speed reveals a quadratic
function of mussel density. (B) Density-dependent probabilities of dropping a
corpse, the data come from experiments in literature (Theraulaz et al., 2002). (C)
The probability of movement stop as a function of local aphid density, where the
curve is a quadratic polynomial fit (Turchin and Kareiva, 1989). (D) The density-
dependent motility in the Mexican bean beetle (Turchin, 1989).

reveal a similar density-dependent movement principle, when beyond a
critical density, These theoretical and experimental studies demonstrate that
density-dependent movement is a universal ecological feature generating a
multitude of complex spatial configurations.
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Discussion and outlook

In this paper, we review the movement as new mechanism for spatial
self-organized patterns formation. Here, density-dependent movement,
where movement speed varies with density of the involved organism,
explains pattern formation in a wide range of ecological settings. Yet, direct
experimental evidence supporting this form of pattern formation is still
scarce relative to the traditional activator-inhibitor patterns as observed in,
e.g. arid bush lands or boreal peat lands. Density dependence of movement
is nevertheless broadly observed in ecological systems, affecting the spatial
dispersal of many organisms (Turchin and Kareiva, 1989; Turchin, 1989; Ims
and Andreassen, 2005; Cote and Clobert, 2007; Bitume et al., 2013). Hence,
the principle of density-dependent movement can potentially be extended
other ecological systems that do not exhibit conspicuous patterns, e.g., as
found in social organisms.

On longer timescales, many real ecosystems exhibit a complex develop-
ment of their spatial organization. This complexity does not result from a
single underlying process. Multiple mechanisms involving behavior, and
movement on short time scales, and demographic and habitat-modifying
processes at longer time scales are superimposed. Little is known about how
these processes interact to shape ecosystems, and how this affects ecosystem
functioning in terms of the establish population sizes, and their resilience
against disturbances. Moreover, the benefits of aggregation, in terms
of for instance reduced predation risk, feed-back to affect demographic
process such as population losses. This has important implications, as
the emergent, movement-driven spatial pattern is likely to affect the
evolutionary processes that in turn shape movement behavior (de Jager
et al., 2011; Liu et al., 2013). Hence, to understand the functioning of
complex ecosystem, research should not focus on a single process driving
pattern formation, but should address how behavioral, demographic and
evolutionary processes interact.





Chapter 7

Synthesis

Theoretical studies highlight that the presence of self-organized spatial
patterns can have important emergent effects on the functioning

of ecosystems. For instance, spatial patterns in arid systems, in the
form of regular striped patterns, are predicted to increase the water
harvesting capacity of the vegetation, and thereby increase primary
productivity (Pringle et al., 2010). Similar emergent properties have
been advanced for patterned ecosystems such as for example peat lands,
mussel beds, and intertidal mudflats. Yet, most of these studies present
models based on presumed pattern-forming processes and study the
effects of these processes on the functioning of ecosystems under idealized
conditions (Rietkerk and Van de Koppel, 2008, for review). Moreover,
only a limited palette of possible mechanisms is often considered, and the
possibility of alternative mechanisms leading to similar spatial patterns
is often neglected. However, although alternative mechanism may lead
to very similar spatial patterns, they nevertheless may affect ecosystem
functioning in a completely different way. This emphasizes the need for
a carefull consideration of the processes behind spatial pattern formation in
ecosystem.

An essential prediction of many self-organizing models is that the
patterns make ecosystems more stable and robust to disturbances (Sole and
Bascompte, 2006; van de Koppel et al., 2005). On the other hand, self-
organized ecosystems may lose their current state when a critical tipping
point is surpassed (Rietkerk et al., 2004). This emphasizes the need to
fully understand the dynamical behaviour of self-organized systems, and in
particular how they respond to changing conditions. How ecosystems are
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self-organized and how much complexity can arise from local interactions
are two central questions in this thesis, which are addressed to unravel
the self-organization phenomenon and to predict how it affects ecosystem
functioning.

In this thesis, I have studied alternative mechanisms explaining self-
organization pattern formation in mussel beds, and addressed how these
mechanisms affect mussel bed functioning. Existing understanding of
spatial self-organization in ecosystems is for a large part based on Turing’s
activator-inhibitor principle (Turing, 1952), which affects demographic
process of population growth and mortalty. However, this principle falls
short, for instance, in explaining pattern formation observed to occur
at the scale of individual mussels, where activator-inhibitor processes
are not apparent. Using mussel bed ecosystems, I have studied a new
mechanism—phase separation—to explain small-scale self-organization in
mussels, a mechanism that is unrecognised so-far in ecology. Secondly,
as self-organized mussel beds display two scales of pattern formation, one
governed by demographic processes and the other by behavioural processes, I
have studied how these two processes interact to shape the functioning
of mussel beds in terms of its productivity and resilience to disturbances.
Below, I give a detailed account of my findings, and discuss how, in general
terms, they affect our current understanding of spatial self-organization in
ecological systems.

Alternative mechanisms of pattern formation

Although studies have advanced our understanding of the mechanisms
behind self-organized patterns in natural ecosystems, little evidence has
been reported that considers the validity of the proposed mechanisms
and the validity of possible alternative mechanisms, in explaining spatial
patterns in a same ecosystem. In chapter 2, I examine the effect of two
potential ecological mechanisms for pattern formation in mussel beds,
and address how these two mechanims affect ecosystem functioning, in
terms of productivity and ecological resilience. For both mechanims, field
evidence can be found in the literature in support of them. The first
mechanism involves a reduced mussel loss rate at high density owing
to mutual protection between the mussels, which is based on a previous
model proposed by van de Koppel (van de Koppel et al., 2005). The
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second mechanism is based on novel experimental evidence, indicating
that mussels feed more efficently on top of hummocks. Both are able
to explain the observed patterns, but they nevertheless lead to different
effects on ecosystem funtioning. Hence, I argue that we should carefully
consider the predicted implications and emergent properties of spatial self-
organization when the mechanisms underlying self-organization are not
completely understood and not based on experimental study.

The models worked out in chapter 2 describe that two possible
interactions could in principle account for mussel bed formation, but our
conclusions can be easily extended to a more general context. Similarly,
alternative mechanisms have been proposed for a wide range of ecosystems.
For patterned arid ecosystems, both root competition and surface water flow
potentially explain pattern formation, while this has not been tested in the
field experiments (Klausmeier, 1999; Rietkerk et al., 2002). In a similar way,
a number of alternative mechanisms have recently been proposed to explain
patterning in peatlands (Eppinga, 2009; Eppinga et al., 2009). In ecology, it is
often difficult to obtain conclusive experimental evidence for the (relative)
contribution of specific processes involved in self-organization patterns.

To provide in-depth understanding of the causalitity of the emergent
properties of self-organized systems, it is interesting to examine the different
ecological processes that can generate activator-inhibitor dynamics. The
activator-inhibitor principle is based on the universal interaction between
a substance (activator) that promotes its own production and that diffuses
on a short range, and a rapidly diffusing antagonist (inhibitor) that
depresses the effect of the promotor over a longer range. Yet, there are
several different types of interactions that can lead to pattern activator-
inhibitor-like interactions in biology and ecological systems (Meinhardt
et al., 2003). The first potential mechanism for pattern formation is the
activator-depleted substrate process, where depletion of a substrate acts
as the inhibiting process, such as for example in semi-arid regions, where
depletion of (surface) water acts as an inhibitor to vegetation growth, as
proposed by Klausmeier in 1999 (Klausmeier, 1999). A second alternative
mechanism for pattern formatios is inhibition via a process that destroys the
activator, where the inhibitor may slow down or locally remove the activator
from the system. Future studies on pattern formation in ecosystems
should consider these possible alternative configurations of activating and
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inhibiting processes when modelling spatial self-organization.

Phase separation

When explaining the formation of regular patterns in ecology, ecological
theory generally points at Turing’s activator-inhibitor principle, where the
interplay between an activator and an inhibitor causes spatial variation in
the net growth or reaction of the involved species (Turing, 1952; Klausmeier,
1999; Rietkerk et al., 2002). As mentioned in chapter 1, this principle is
based on population level mechanisms such as birth, or death processes,
from hereon referred to as demographic processes. In contrast, recent
experimental evidence indicates that movement may be an important
process causing self-organization pattern formation, in particular at short
time scale (van de Koppel et al., 2008; de Jager et al., 2011; Viswanathan et al.,
2011; Folmer et al., 2012). In chapter 3, building on data from laboratory
experiments, I have derived a model to demonstrate that this movement-
driven pattern formation in mussel beds is mathematically equivalent to
the Cahn-Hilliard model (Cahn and Hilliard, 1958) for phase separation in
physics (Emmerich, 2008; Bray, 2002). Although the long-term development
of the patterns was found to deviate from the standard prediction of
the Cahn-Hilliard model, our experimental data was well consistent with
theoretical predictions during the early stages of pattern formation.

The phase separation mechanism is different from the activator-inhibitor
principle in two important aspects. Firstly, there are no activator and
inhibitor species in the model because there is only one involved species.
Second, this new mechanism is based on density-dependence of movement
rather than growth and mortality processes (i.e., demographic processes).
My work suggests that a broader array of possible processes should be
considered in explaining spatial self-organization in ecosystems, where both
mobility behavior and demographic processes may occur simultaneously.
An in-depth discussion on the evidence, within ecology, for both the
phase separation and the classical activator-inhibitor principles is presented
in chapter 6, where I describe a broader survey of self-organization
patterns arising from density-dependent movement speed or probability,
and distinguished their differences.
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Application of the phase separation principle in other ecological systems

Current understanding of ecological dispersal advances that movement
or diffusion leads to dissipation rather than aggregation of species,
where the diffusive flux is proportional to the gradient of density or
concentration (Groot and Mazur, 1962)). This concept of diffusion is
widely used in biology and ecology. Our experiments in mussels,
however, demonstrate that density-dependent movement may also cause
aggregation, leading to the formation of patterns. This phenomenon does
not only occur in mussels, but also explains the aggregative behavior of
ants (Camazine et al., 2003; Theraulaz et al., 2002), bacteria (Cates et al.,
2010; Fu et al., 2012) and fish schools (Anderson et al., 2012), as I discuss
in chapter 6. A central question is how to generalize density-dependent
movement behavior in ecological systems? So far, evidence linking to this
topic is scarce (Theraulaz et al., 2002). Most recently, a lab experiment
suggests that aggregative movement behavior may be attributed to social
interactions, aimed to reduce predation risk (Ioannou et al., 2012), where
chances of predation are strikingly lower when the prey use collective
motion. Further studies are needed to reveal the universality of my results
that movement not only leads to dissipation but can also explain pattern
formation in ecosystems.

Interestingly, a recent study shows that the spatial distributions of
flocking foragers depend on the balance of conspecific interference and
attraction (Folmer et al., 2012; Folmer, 2012), where flocking patterns arise
from local interactions. This observation suggests that the phase separation
principle may apply to a wide range of contexts, for instance explaining
the spatial distribution of foraging animals. Density-dependent movement
plays a pivotal role in explaining spatial organization in biology, from
the scale of cells to entire organisms (Fu et al., 2012; Bitume et al., 2013).
For instance, in animal populations, ordered flocks and shoals emerge via
individuals altering their movement with respect to their neighbors.

Multiple-scale patterns in ecology

Most studies that investigate the formation of self-organized spatial patterns
focus on purely demographic processes (Hassell et al., 1991; Klausmeier,
1999; Pascual and Guichard, 2005; van de Koppel et al., 2005; Eppinga



126 Synthesis

et al., 2009; van der Heide et al., 2010b; Dakos et al., 2011) or purely
behavioral processes (Couzin et al., 2002; Theraulaz et al., 2002; van de
Koppel et al., 2008; Cavagna et al., 2010; Sumpter, 2010; Vicsek and Zafeiris,
2012). However, in real natural ecosystems, spatial complexity commonly
involves the interplay of behavior, population dynamics and ecosystem
processes at various spatial scales. Interactions between multiple self-
organization processes have mostly been neglected in both theoretical and
experimental studies.

Recently, patterns occurring at two distinctly different spatial scales have
been reported in mussel beds by van de Koppel et al (van de Koppel et al.,
2008, 2005). They found two distinct different spatial patterns resulting
from different ecological mechanism. Here, small-scale net-shaped patterns
originate from behavioral processes, while larger-scale pattern result from
demographic processes (see chapter 2 and Figure 7.1). Hence, a novel type
of self-organized spatial pattern, here called a nested pattern, is created by
combining behavioral and ecological processes. This kind of complex nested
pattern was observed, beyond mussel beds, also in seagrass ecosystems and
coral reefs. How this spatially complex interplay between animal behavior
and ecological processes affects ecosystem functioning is badly unknown.
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One of the big challenges for ecological theory is to understand how
complexity affects the functioning of ecological systems. In chapter 4,
I integrated mussel behavior and demographic processes into a single
model of self-organization in mussel beds. The model results suggest that
combining behavioral with demographic self-organization dramatically
increased both the rate of pattern development and the resilience of
the system to disturbance. This implies that restoration schemes that
take into account both behavioral and demographic processes of self-
organization will likely be more successful than the ones that focus on
a single spatial scale. Hence, combining multiple mechanisms of self-
organization in mathematical models may not only provide insight in the
processes underlying spatial complexity, but can also help to restore these
often very valuable ecosystems.

Heterogeneity and the emergent properties of patterns

Theoretical models highlight two important emergent effects of pattern
formation on ecosystem functioning (Rietkerk et al., 2004; van de Koppel
et al., 2005). On the one hand, by optimizing facilitative (activating)
interactions between organisms, patterns improve productivity, and allow
organisms to survive under conditions that are otherwise too inhospitable
for growth or survival. On the other hand, it makes the system vulnerable
to dramatic changes once these facilitative interactions are overwhelmed.
When conditions degrade below a so-called tipping point, the system may
switch to an alternative, degraded state, from which it is difficult to recover.
Hence, despite of its positive effect on production, self-organization can lead
to non-linear dynamics in the face of changing conditions.

Most models on self-organized pattern formation presume idealized
homogeneous conditions, where for instance the initial distribution and
influx of resource are the same over the entire simulated domain. However,
these conditions are rarely met in real ecosystems, especially at large
spatial scales. For instance, rainfall, temperature and nutrition in the
soil can vary because of landscape features. The effects of large-scale
spatial heterogeneities in background conditions have for the most, not
been studied in theoretical models and field examinations. Yet, field
observations suggests that most mussel beds on intertidal flats exhibit
remarkable gradients in the properties of the patterns. In chapter 5, I present



128 Synthesis

a model that considers the effects of more realistic environmental settings
where tidal waters enter the tidal flat from the seaward side. This causes
depletion of the algae in the water, leading to heterogeneity in the properties
of the spatial patterns, similar to what was observed on real mussel beds.

Of course, it is natural to ask what the effects are of this self-
induced spatial heterogeneity on functioning of mussel bed ecosystems,
and specifically on the emergent properties of pattern formation. Our
results suggest that large-scale spatial heterogeneity will strikingly alter
ecosystem dynamics. Specially, heterogeneity can eliminate the possibility
of alternative states and the tipping behavior it can cause, and no increase
of productivity is predicted to emerge as a consequence of spatial self-
organization, when a self-organizing model is compared to models where
the self-organization process has been blocked. These results put in question
the emergent properties predicted to result from spatial self-organization,
specifically for mussel beds. Whether these conclusion are also valid for
other patterned ecosystem remains an urgent question for the field of spatial
self-organization.

Concluding remark

Spatial complexity is one of the last frontiers of ecological theory. Many
populations and ecosystems exhibit a complex spatial structure, much
of which is generated by interactions between the organisms themselves
in a process called spatial self-organization. This thesis has highlighted
how various mechanisms of self-organization, involving animal behavior,
demographics, and habitat modification, act and interact to determine the
shape and functioning of an ecological system. In many ecosystems, spatial
self-organized complexity has in the past century been constrained and
degraded by human interference. Our analysis suggests that complexity
occurring at multiple organizational levels (or spatial scales) is an important
determinant of the resilience of ecosystems. Moreover, human-induced
reduction of spatial complexity might be an important cause for the
prevalence of tipping points in many current ecosystems. Can spatial
patterns be used as a template for the restoration of populations that have
collapsed as a consequence of human interference? This important question
remains to be answered in the future.
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Summary

S
elf-organization is a universal phenomenon in the natural world, found
at all levels of biological organization, from molecules to ecosystems.

Theoretical studies predict that self-organization makes ecosystems more
efficient in terms of the transfer of resources to biomass, and more
robust to disturbances. However, unraveling these emergent properties
of self-organization for ecosystem functioning still is a major challenge
for ecological theory. Due to global change and large-scale anthropogenic
disturbances (such as fisheries) causing degeneration of spatial and
structural organization, many ecosystems reveal a large and disproportional
decrease of carrying capacity. Hence, understanding the mechanisms of
spatial self-organization in ecosystems is of crucial importance to ecosystem
management and conservation. In this thesis, using intertidal mussel beds
as a model ecosystem, I studied the mechanism of spatial pattern formation
in ecosystems and their effects on ecosystem functioning. My study covers
patterns emerging on a single to multiple spatial scales and unravels a new
mechanism of self-organization, unrecognized so far by ecological theory.

First, I examine whether and how the emergent properties of spatial
self-organization depend on specific underlying mechanisms. In chapter 2,
combining prior studies and new experimental data, I posed an alternative
mechanism to explain spatial self-organization in mussel beds. I found
that this new, alternative mechanism could generate similar spatial patterns
as the previously proposed mechanism. However, it predicts that, with
this new mechanism, self-organization affects ecosystem functioning in a
completely different way, in terms of productivity and ecological resilience.



144 Summary

In the previous model, where high mussel densities reduce mussel loss
rates, patterns are predicted to strongly increase net mussel production and
decrease the recovery time of the bed following a disturbance. When pattern
formation is generated by increased feeding efficiency on hummocks, only
minor emergent effects of pattern formation on ecosystem functioning
are predicted. Therefore, my results provide a warning against making
predictions of the implications and emergent properties of spatial self-
organization, when the mechanisms that underlie self-organization are
incompletely understood and not based on experimental study.

The mechanisms for pattern formation in mussel beds addressed in
chapter 2 follow the activator-inhibitor principle outlined by Alan Turing
in 1953. According to this principle, local activation combined with long-
range inhibition of growth and survival are an essential prerequisite for
pattern formation. In chapter 3, I show that a different principle, which
is solely based on density-dependent movement by organism, represents
an alternative class of self-organization in ecology. This principle is
referred to as phase separation in physics. Using laboratory experiments
with self-organizing mussels, I derive an empirical relation between the
speed of animal movement and local animal density. By incorporating
this relation in a partial differential equation, I demonstrate that this model
corresponds mathematically to the well-known Cahn-Hilliard equation for
phase separation in physics. This study thereby reveals a new class of spatial
self-organization mechanisms in ecological systems, unrecognized as such
by ecological theory.

In chapter 2 and 3, I have separately studied two kinds of spatial self-
organization, which both are found in mussel beds, one occurring at small
spatial scales due to behavioral aggregation, and one occurring at large
spatial scales due to the interplay of facilitation and competition. In real-
world mussel beds, both types of patterns occur nested within one another.
In chapter 4, I report on the interplay of behavioral and demographic
processes at two organizational levels in mussel beds. Mathematical
analysis of an individual-based model, where I subsequently removed
small-scale behavioral self-organization and large-scale demographic self-
organization, reveals a striking effect of the interplay of different levels of
biological complexity on ecosystem resilience. My model demonstrates that
mussel beds are less vulnerability to disturbances, have larger resistance



Summary 145

to deteriorating conditions, are less vulnerable to tipping points, and
experience a smaller magnitude of change at these tipping points, when
they are more complex. My analysis highlights that complexity occurring
at multiple organizational levels (or spatial scales) can be an important
determinant of the resilience of self-organizing populations.

In chapter 5, I show that spatial heterogeneity, resulting from the
large-scale effects of mussels on their environment, significantly alters the
emergent properties predicted by idealized self-organization models that
use homogeneous conditions. Our model explicitly considers that the
suspended algae, the prime food for the mussels, are supplied by tidal
water flow from the seaward boundary of the bed, generating a gradual
depletion of algae over the simulated domain. Predictions of the model are
consistent with properties of natural mussel patterns, namely a decline in
mussel biomass and a change in spatial patterning from the leading edge
to the center of the bed. Analysis of the model reveals a fundamental
change in ecosystem functioning when this intrinsic algal depletion gradient
is included in the model. Firstly, no enhancement of productivity is
predicted irrespective of parameter setting; the equilibrium amount of
mussel is entirely set by the input of algae. Secondly, alternate stable
states, potentially present in the original model, are absent when gradual
depletion of algae in the upper water layer is allowed. My findings stress
the importance of including realistic environmental settings when assessing
the emergent properties of self-organized ecosystems.

Finally, in chapter 6, I review recent studies that detail movement-
based pattern formation in a wide range of ecological settings. These
studies highlight the broad application of a new pattern formation principle,
outlined in chapter 3, that is well known to physics as the Cahn-Hilliard
principle of phase separation, but is unrecognized within ecology. I
provide a heuristic procedure explaining how this movement principle
drives regular pattern formation and how to test this mechanism in an
experimental setup. My study highlights that behavioral processes such as
movement, both in isolation and in unison with demographic processes, can
be an important determinant of spatial complexity in ecosystems.

In conclusion, although spatial self-organization has since the 1990s
become a dominant topic in ecology, understanding of how self-organized
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pattern formation affects ecosystem functioning is still lacking. My research
provides insight in how patterns can make mussel beds more productive
and robust, and how this depends on a multitude of interacting processes.
Mussel beds are, of course, just an example of a self-organized ecosystem,
of which many forms are found all over the world. Yet, my study provides
an interesting perspective on the importance of naturally developing spatial
patterns for ecosystem functioning. Much research nevertheless still needs
to be done to investigate whether and to what extent the current conclusions
can be applied to other ecosystems.



Samenvatting

Z
elforganisatie is een algemeen fenomeen in de natuur, dat gevonden
wordt op alle niveaus van biologische organisatie, vanaf moleculen tot

aan ecosystemen. Theoretische studies voorspellen dat ecosystemen door
zelforganisatie in staat zijn hulpbronnen efficinter om te zetten in biomassa.
Ook zouden ze beter bestand zijn verstoringen. Het aantonen van deze
zogenaamde emergente eigenschappen is een behoorlijke uitdaging voor
de theoretische ecologie, maar het belang is groot. Klimaatsverandering
en menselijke ingrepen zoals visserij verstoren de ruimtelijke en structurele
organisatie van ecosystemen. Wellicht als gevolg daarvan vertonen veel
ecosystemen een grote en disproportionele afname van de draagkracht.
Begrip van de natuurlijke buffers in ecosystemen, zoals de mechanismen
van ruimtelijke zelforganisatie, is van cruciaal belang voor beheer en
bescherming van de natuur. In dit proefschrift, waar ik mosselbedden als
modelsysteem gebruik, bestudeer ik de mechanismen achter ruimtelijke
zelforganisatie en het effect daarvan op het functioneren van het ecosys-
teem. Mijn onderzoek behandelt patroonontwikkeling op verschillende
ruimtelijke schalen, en introduceert een nieuw theoretisch mechanisme voor
zelforganisatie, dat nog niet bekend is binnen de ecologie.

Ik heb op de eerste plaats onderzocht of en hoe de emergente
eigenschappen van ruimtelijke zelforganisatie afhangen van de specifieke
mechanismen van patroonvorming. In hoofdstuk 2, gebaseerd op
een combinatie van voorgaande onderzoeken en nieuwe experimentele
data, heb ik een alternatief mechanisme voorgesteld om zelforganisatie
in mosselbedden te verklaren. Dit nieuwe mechanisme kan dezelfde
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ruimtelijke patronen genereren als het oude, maar werkt heel anders door
op het functioneren van het ecosysteem. Het vorige model, waar mossels in
hoge dichtheden lagere verliezen lijden dan gesoleerde mossels, voorspelt
dat patronen leiden tot sterk verhoogde productiviteit en een kortere
hersteltijd na een verstoring. Wanneer patroonvorming wordt veroorzaakt
door het nieuwe mechanisme – verhoogde efficiëntie van voedselopname
boven op mosselbulten – zijn er slechts beperkte effecten van zelforganisatie
op het functioneren van het ecosysteem. Mijn resultaten tonen aan
dat het voorspellen van de emergente eigenschappen van ruimtelijke
zelforganisatie moeilijk is, als de mechanismen achter zelforganisatie niet
goed bekend zijn uit empirische studies.

Het mechanisme dat onderzocht is in vele studies van zelforganisatie, en
ook in hoofdstuk 2, volgt het activator-inhibitor principe, ontwikkeld door
Alan Turing in 1953. Regelmatige ruimtelijke patronen ontstaan door lokale
activatie in combinatie met inhibitie op lange afstand. In hoofdstuk 3 laat ik
zien dat een ander principe, gebaseerd op dichtheidsafhankelijke beweging
van organismen, een andere klasse van zelforganiserende patronen in
de ecologie kan verklaren. Dit principe wordt in de fysica fasescheiding
genoemd en gewoonlijk beschreven door de bekende vergelijking van Cahn
enHilliard. Uit laboratoriumexperimenten met zelforganiserende mossels
heb ik een empirische relatie afgeleid tussen de snelheid van beweging van
dieren en de lokale dichtheid. Door deze relatie te incorporeren in een
partiële differentiaalvergelijking, kon ik een model afleiden dat wiskundig
overeenkomt met de vergelijking van Cahn en Hilliard. Dit hoofdstuk opent
een nieuwe modelbenadering voor een type van ruimtelijke zelforganisatie
in ecologische systemen, waarvoor tot nu toe geen goed model beschikbaar
was.

In hoofdstuk 2 en 3 heb ik twee soorten zelforganisatie in mosselbedden
afzonderlijk bestudeerd. De ene vindt plaats op kleine ruimtelijke schaal
en wordt veroorzaakt door aggregatiegedrag; de andere vindt plaats op
grote ruimtelijke schaal en wordt veroorzaakt door de invloed van facilitatie
en concurrentie op de demografie. In echte mosselbedden komen beide
type van patroonvorming samen voor, waarbij het kleinschalige patroon
ingeweven is binnen het grootschalige. In hoofdstuk 4 bestudeer ik de
interactie tussen deze processen op twee organisatieniveaus. Ik heb een
individu-gebaseerd model ingebouwd in het model van hoofdstuk 2 voor
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de grootschalige patronen. Achtereenvolgens heb ik de zelforganisatie
door bewegingsgedrag en de demografische zelforganisatie uitgeschakeld.
Dit laat een opvallend effect zien van de interactie tussen verschillende
niveaus van biologische complexiteit op de veerkracht van het ecosysteem.
Complexere mosselbedden zijn minder kwetsbaar voor verstoringen,
veerkrachtiger bij verslechterende omstandigheden en minder gevoelig
voor kantelpunten. Als kantelpunten voorkomen dan veroorzaken ze
bovendien kleinere verschuivingen. Mijn analyse benadrukt dat com-
plexiteit op meerdere organisatorische niveaus (of ruimtelijke schalen)
een belangrijke bepalende factor kan zijn voor de veerkracht van zelf-
organiserende populaties.

In hoofdstuk 5 bestudeer ik het effect van ruimtelijke heterogeniteit op
de emergente eigenschappen van zelforganisatie. Bestaande modellen gaan
uit van een constante omgeving bij het berekenen van die eigenschappen.
Ik toon aan dat het grootschalige effect van mossels op hun milieu
deze voorspelde eigenschappen significant verandert. Mijn model houdt
rekening met de getijdestroming die gesuspendeerde algen, de belangrijkste
voedselbron voor de mossels, aanvoert vanaf de zeewaartse rand van het
bed. Door het filteren van de mossels worden de algen geleidelijk uitgeput
naarmate het water over het domein stroomt. Het model voorspelt een
afname in mosselbiomassa en een verandering in de patroonvorming vanaf
de inkomende rand van het bed naar het centrum. Dit komt overeen met
veldobservaties. Modelanalyse toont verder een fundamentele verandering
in het functioneren van het ecosysteem als rekening wordt gehouden met de
uitputting van algen. Er wordt, onafhankelijk van de parameterinstellingen,
nooit een toename van de productiviteit voorspeld; de hoeveelheid mossels
bij evenwicht wordt geheel bepaald door de aanvoer van algen. Er worden
verder geen alternatieve stabiele toestanden gevonden, die wel in potentie
aanwezig waren in het originele model. Mijn bevindingen benadrukken
het belang van het meenemen van een realistische milieucontext wanneer
de emergente eigenschappen van zelforganiserende ecosystemen worden
onderzocht.

In hoofdstuk 6 tenslotte, geef ik een overzicht van recente studies die
patroonvorming bestuderen op basis van beweging van organismen. Deze
studies belichten de brede toepassing, in een breed scale van ecologische
omstandigheden, van het nieuwe principe voor patroonvorming dat ik heb
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beschreven in hoofdstuk 3. Dit zogenaamde principe van fasescheiding
van Cahn en Hilliard is onbekend in de ecologie. Ik heb een heuristische
procedure ontwikkeld die uitlegt hoe dit bewegingsprincipe regelmatige
patroonvorming genereert, en hoe dit getest kan worden in een experi-
mentele opzet. Mijn studie belicht dat gedragsprocessen zoals beweging,
zowel op zich zelf en in samenwerking met demografische processen, een
belangrijke bepalende factor kunnen zijn van de ruimtelijke complexiteit
van ecosystemen.

Ondanks de aandacht die ruimtelijke zelforganisatie in de ecologie
heeft gekregen sinds de jaren 1990, concludeer ik dat het nog steeds
ontbreekt aan een goed begrip van hoe zelforganisatie het functioneren van
ecosystemen benvloedt. Mijn onderzoek verdiept het inzicht in het effect
van patroonvorming op productiviteit en veerkracht van mosselbedden.
Mosselbedden zijn natuurlijk maar één voorbeeld van een zelforganiserend
ecosysteem; vele andere voorbeelden zijn wereldwijd bekend. Mijn studie
geeft desondanks een interessant perspectief op het belang van natuurlijke
ruimtelijke complexiteit voor het functioneren van ecosystemen in het
algemeen. Veel nader onderzoek zal nodig zijn om te weten te komen of,
en in hoeverre, de huidige conclusies kunnen worden toegepast in andere
ecosystemen.
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