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ABSTRACT: Vegetation-free space, or “halos,” surrounding habitat
patches are visually striking spatial phenomena observed in various
ecosystems. These halos are linked to the landscape of fear hy-
pothesis, where risk-averse herbivores concentrate grazing near safe
shelters within their habitat. We develop theory demonstrating how
habitat distribution shapes trophic interactions, leading to alterna-
tive stable states in spatial patterns. Using coral reefs as a model sys-
tem, we investigate the relationship between halo patterns and pred-
ator populations. Specifically, we address the inconsistency between
theoretical predictions and empirical observations, where halos are
absent in some protected reefs and their sizes are uncorrelated with
predator abundance. Our findings reveal that long-term coral distri-
bution patterns influence trophic interactions, supporting the land-
scape of fear hypothesis. When coral patches are dispersed, herbivore
shelter from predators is more evenly distributed across the seascape,
facilitating overgrazing and halo oscillation. When coral patches are
clustered, limited shelter stabilizes halos, but reduced herbivore lim-
itation can also drive critical transitions to cycles with low vegetation
that are difficult to reverse. Discordance between theory and obser-
vations may therefore arise from differences in underlying spatial
shelter distribution, with broad implications for how landscapes of
fear emerge from patchy ecosystems to signal resilience.
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Introduction

Large-scale ecological spatial patterns can arise from a
combination of consumer-resource, behavioral, and land-
scape effects, often involving multiple species interacting
at various spatial and temporal scales (Levin 1992). Some
of these patterns emerge from endogenous feedbacks across
short and long spatial scales, which can generate complex
patterns (Turing 1952). The classic example is reaction-
diffusion models that describe how reactions propagate
and diffuse during morphogenesis to generate both static
and dynamic spatial patterns—such as spots, stripes, and
spirals—similar to the skin patterns found in some fish
and other animals (Turing 1952; Meinhardt 1999). In eco-
logical contexts, analogous reaction-diffusion principles ap-
ply, where movement and species interactions (e.g., competi-
tion and predation) act as key processes that drive spatial
patterning (Alevizon 2002).

These spatial patterns may indicate the resilience of
ecosystems to environmental changes. Ecological resilience
refers to the ability of an ecosystem to sustain, recover, and
adapt to perturbations within a specific ecological context
(Holling 1973). Shifts in these emergent spatial patterns
can reflect changes in the underlying conditions of an eco-
system and can serve as early-warning indicators of long-
term shifts in ecosystem functioning (Scheffer 2009). In
the Namib Desert, for example, regularly dispersed bare
spots surrounded by grass rings are likely generated through
a combination of distance-dependent feedbacks within
the plant community and competition among termite col-
onies (Bonachela et al. 2015; Tarnita et al. 2017). These
and other vegetation patterns may serve as early-warning
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indicators for a catastrophic shift between alternative states
that include high plant abundance to a barren state as rain-
fall decreases (Rietkerk et al. 2004). However, the qualita-
tive nature of this response is context dependent. In the
Namib Desert, systems with termites are more resilient
to drought because plants can persist and recover under
reduced rainfall (Bonachela et al. 2015). In coral reefs, in-
creasing ocean temperatures are driving large-scale transi-
tions to bleached and low-diversity states dominated by
macroalgae (Hughes et al. 2017). Thus, vegetation patterns
in coral reefs may also serve as early-warning indicators
of catastrophic shifts to alternative states (Mumby et al.
2007; Arif et al. 2022).

Coral reefs can exhibit a distinctive spatial feature known
as grazing or sand halos, characterized by coral patches
surrounded by a “conspicuous band of bare sand” sepa-
rating them from algae or seagrass (Randall 1965). These
halos, visible from satellite images, have been documented
since the 1960s (Ogden et al. 1973; fig. 1). Recent studies
suggest that coral halos may indicate a robust reef com-
munity, including healthy herbivore populations as well
as higher trophic levels, which can restrict bioturbation by
prey and enhance carbon sequestration on reefs (Atwood
et al. 2018; Madin et al. 2019b). As coral reefs face un-
precedented global declines due to a confluence of global
change factors, including the extirpation of many top ma-
rine predators (Sully et al. 2022), coral halos offer poten-
tial for remote assessment of reef community health and
ecosystem status. However, the underlying mechanisms
producing these halos remain unresolved, particularly re-
garding interactions between coral patch spatial cluster-
ing and consumer-resource dynamics. Vegetation patterns
on coral reefs can shift rapidly in response to ecological
processes or environmental stressors, while changes in the
coral patch distribution typically occur more gradually
(Ferrari et al. 2012; Graham et al. 2015). This mismatch
in timescales complicates our understanding of pattern
formation in these complex systems. Endogenous pattern
formation, where spatial structures emerge from local
interactions and feedbacks, has been observed in various
ecosystems. Yet most of these studies focus on patterns
emerging from homogeneous landscapes (Rietkerk et al.
2004; van de Koppel et al. 2005; Bonachela et al. 2015),
leaving a gap in our understanding of how spatial eco-
logical patterns emerge from and interact with heteroge-
neous patterned landscapes like coral reefs. Addressing this
knowledge gap represents a key challenge in spatial ecol-
ogy and is crucial for interpreting the significance of coral
halos in reef ecosystems.

Several mechanisms have been proposed for coral halo
formation, each with an emphasis on different driving
factors. One such mechanism is the landscape of fear (LOF)
hypothesis, which suggests that the perceived risk of pre-
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dation shapes herbivore foraging behavior (Lima and Dill
1990; Laundré et al. 2001; Gaynor et al. 2019). According
to this hypothesis, the presence of halos results from herbi-
vores preferentially grazing—a short-distance interaction—
near the protective cover of coral patches, leading to a zone
around the patch reefs where vegetation is sparse. In ad-
dition, LOF may also concentrate mobile bioturbators
(Madin et al. 2019b) and nonherbivorous fish (Bilodeau
et al. 2021) that disturb sediments and prevent vegetation
growth near coral patches, which can implicate LOF in
halo patterns even where herbivores are less common. LOF
also includes long-distance effects, since the threat of pre-
dation occurs at the scale of the landscape. However, the
degree to which spatial patterns of risk exist or are tem-
porally static is debated, particularly for wide-ranging ani-
mals that interact over large, complex landscapes (Palmer
et al. 2022).

In contrast to the behavioral focus of the LOF hy-
pothesis, other proposed mechanisms emphasize the role
of both endogenous and exogenous factors in spatial pat-
tern formation. Nutrient toxicity is one proposed mech-
anism for coral halo formation, whereby high nutrient
loads close to reefs prevent recruitment of vegetation or
increase its palatability to consumers (Alevizon 2002; Sotka
and Hay 2009; Campbell et al. 2017). The nutrient toxic-
ity could represent a reaction to the diffusion of vegeta-
tion propagules in a reaction-diffusion context, potentially
contributing to spatial pattern formation of halos (All-
geier et al. 2017; Madin et al. 2022). However, exogenous
physical factors, such as hydrodynamics, substrate charac-
teristics, light, and the availability of other abiotic resources,
may also contribute directly or indirectly to halo formation
(D’Angelo and Wiedenmann 2014; Rogers et al. 2014;
Steiner and Willette 2014). For example, Ziemen proposed
that halos result from the deposition of larger sediment
particles around the coral patches, which can inhibit veg-
etation growth and form a vegetation-free zone (Zieman
1972).

Despite recognizing coral halos as a potential conser-
vation tool, current theories of halo formation have not
fully satisfied empirical tests (Bilodeau et al. 2021; Madin
et al. 2022). So far, most empirical evidence favors the LOF
hypothesis (Madin et al. 2022). Evidence includes docu-
mented reductions in grazing as distance from coral patches
increases on reefs, the ability of coral patch reefs to provide
spatial refugia from predators, and a higher prevalence of
halos found on protected reefs in global satellite surveys
(Almany 20044, 2004b; Madin et al. 20194, 2019b). However,
some argue that due to consumer-resource interactions, coral
halos should be larger where predator populations are re-
duced, a prediction that is not fully supported by available
data. Rather, data indicate that where present in reefs, halos
can grow, shrink, and sometimes disappear over space and
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Figure 1: Overview view of Heron Island on the Great Barrier Reef, Australia, and close-up view of a selected reef region (box in overview)
where macroalgae cover is dense and coral halos (vegetation-free space surrounding coral patch reefs) are prevalent. Example 1X-scale plots
(47 x 47 m) are indicated by arrows to illustrate increasing dispersion in coral patch distributions (Clark-Evans R = 0.39, 0.43, 0.64, and
0.84 in a-d). Satellite imagery dated 2016 is from Maxar Technologies, downloaded using Google Earth Pro in 2024.



time; yet there are no clear links between these halo dy-
namics, halo widths, and the observed foraging behaviors
of herbivores (Madin et al. 20194, 2022). These incon-
sistencies lead us to ask whether halos are constrained by
underlying habitat patterning. Halos do appear to have
some spatial dependencies: halos are not found consistently
across reefs, and in some locations they are particularly
persistent and prevalent. Halos in the Caribbean were doc-
umented in the same location nearly 60 years apart. Halos
cover 80% of surveyed reef area in the North Atlantic Ocean,
compared with a global average of 10% (Madin et al. 2022).
Thus, combining physical constraints and habitat patterns
with consumer-resource and LOF frameworks may help im-
prove predictions of halo widths, persistence, and dynamics.

The novel contribution of our study lies in connecting
trophic interactions with the physical positioning and dis-
tribution of sheltering habitat patches. We propose that
the spatial arrangement of shelter habitat patches plays
a key role in shaping halo formation, influencing how
consumer-resource interactions shape landscapes of fear.
While previous work has explored the role of trophic in-
teractions in creating grazing halos, we argue that the sta-
tic spatial distribution of shelter habitat patches imposes
geometric constraints that interact with these trophic dy-
namics. Coral patches can be highly clustered to dispersed
(fig. 1), and their distribution is likely to impact both LOF
and consumer-resource effects on reefs. Thus, we argue
that incorporating the effects of static distributional pat-
terns of sheltering habitat are prerequisite to further un-
derstanding the roles of the LOF and consumer-resource
interactions in halo formation. Here, we develop a set of
simple mathematical models to (1) determine the types of
spatial patterns in shelter that support halo formation using
geometric rules and (2) characterize potential interactions
between shelter distributions and consumer-resource dy-
namics. We then use satellite data from a well-studied
reef system for coral halo phenomena—Heron Island, Aus-
tralia—as a case study to test whether observed patterns
are sufficiently described by geometric rules that assume
LOF constraints or whether the inclusion of dynamic
consumer-resource interactions is necessary. We show that
halo patterns reflect a combination of consumer-resource
interactions, LOF behavior, and geometric constraints im-
posed by spatial distributions of static coral patches. These
results help to resolve current discrepancies between data
and models, underscoring the potential of grazing halos
as indicators of ecosystem health and resilience, providing
valuable insights for landscape-scale analyses and eco-
system management for reefs and other patchy systems
where LOF may apply. We suggest empirical tests that will
help to further our understanding of pattern formation under
combined LOF, consumer-resource, and habitat clustering
mechanisms.
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Methods

We develop two models for halo formation: a static geomet-
ric model and a dynamic consumer-resource model. From
these models, we calculate the predicted long-term fraction
of vegetation cover for a range of shelter habitat spatial
distributions. We compare our geometric and consumer-
resource model predictions with data on algae cover and
coral patch distributions derived from satellite imagery of
Heron Island, Australia. We also track the presence of iso-
lated halo patterns over time in selected clustered and dis-
persed patch reefs using historical aerial imagery.

Geometric Model: Halo Geometry and
Shelter Habitat Spatial Distribution

We consider a square sampled area of length L with a fixed
spatial distribution of (identical) shelter habitat “units,” the
scale of which is represented by its specified radius r.. The
spatial distribution of these shelter units ranges from max-
imally dispersed to maximally clustered, with the average
nearest neighbor distance between shelter units, , ranging
from 0,.., to zero (fig. 2a, 2b). Although individual shelter
units are a fixed size, shelter units may cluster to represent
larger shelter patches for grazing herbivores. In coral reefs,
coral colonies cluster to form coral patches/bommies or
patch reefs of various sizes and shapes (fig. 1a-1d). These
coral patches are known to provide shelter and protection
from predators (Hixon and Beets 1993). Thus, according
to the LOF hypothesis, herbivores will avoid foraging far
from coral patches (Ollivier et al. 2018). Although herbi-
vores prefer to graze on vegetation that is closest to coral
patches, we assume a well-mixed system where herbivores
can move freely across the reef to graze near all coral patches
in the sampled area. Under these assumptions, a grazed
vegetation-free area will form near each coral patch: the
coral halo.

Let us assume that the width of each halo (grazed,
vegetation-free space surrounding shelter habitat patches),
h, is fixed to some value, which is dependent on the grazing
rate of herbivores in the reef and also on the perceived
quality of the habitat patch to act as shelter to herbivores
from predators (e.g., different species of coral or fear re-
sponses). When two shelter patch units are close together,
their halos will overlap, reducing the total fraction of free
space in the plot generated by the halos. Assuming that
vegetation fills all space that is not grazed or occupied by
shelter, the maximum fraction of area covered by vegeta-
tion occurs when the shelter patches are maximally packed
(i.e., minimizing space between shelter patch units without
shelter patch unit overlap; fig. 2b). When shelter patches
are maximally packed, they form a single large patch,
the area of which can be approximated by a circle with
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Figure 2: Halo geometries. Orange points show shelter patch units
when max dispersed (a) and packed (b), with 6 = distance between
units, 7. = unit radius, & = halo width, and r, = radius of circle
surrounding packed units. Vegetation cover expected is shown in
c and d, with r, = 1, n = 500 units, and density = 0.0002. The
gray band shows 2 standard deviations for 10 random distribu-
tions with L = 1,000 pixels for & = 0 to 3 in 3/7 intervals. In d,
the solid black line shows the geometric model results. A, = 1 mi-
nus the fraction of shelter. In d, A, = 0.8, h = 3.74,and r. = 2
pixels with R = 0-3.

radius r, (i.e., equivalent to the patch reef radius in Madin
etal. 2022), which depends on the number of shelter patch
units, their radius, and maximum packing density in 2D
(fig. 2b). Thus, the total fraction of vegetation cover for a max-
imally packed shelter habitat patch scenario (a,) is

w(r; +h)’

g =1-T0 T (1)
The halo width, h, extends out from the edges of the
maximally packed shelter patch to make a single apparent
halo that is actually composed of many overlapping halos
but is simplified mathematically here. Conversely, the min-
imum fraction of vegetation should occur when the shelter

patch units are maximally dispersed and 6 > 2h:

2

- n7r(rCU+ h) ’ 2)

Here, n is the number of shelter patch units, which we
refer to as coral patches or bommies in our case study of
coral reefs. Shelter units are the minimum size of patches
possible (i.e., measured or measurable). When & = 0, the
fraction of vegetation is A,, which is the total nonshelter
fraction in the sampled area. As h increases, the fraction
of vegetative cover will decline as halos overlap at a rate
dependent on the spatial distribution of shelter habitat
units and the average distance, 6, between shelter habitat
units (fig. 2c). We also see that the difference between max-
imally dispersed and packed scenarios increases as h in-
creases. We derive a general function that calculates the veg-
etation fraction of max packed and dispersed shelter habitat
units as a function of & and the density of shelter in the
sampled area, with details available in the supplemental
PDF. For simulated random distributions of shelter patches
(fig. 2¢, 2d), we see that the fraction of vegetation cover, A, at
a range of h values can be approximated with a nonlinear
decreasing function, where R represents the distribution of
shelter patches. We use

a; =

h
A=A, exp<—R>. (3)
r.

To measure the spatial distribution of shelter patches,
we use Clark-Evans R (Clark and Evans 1954):

rR="2o (4)
Ry
Here, R, is the observed mean nearest neighbor distance

between shelter patch units, and R is the expected mean

nearest neighbor distance for a random Poisson point pro-
cess of equal intensity. Thus, when the distribution is ran-
dom, R = 1; when it is clustered, R < 1; and when it is

dispersed, R > 1.

Our geometric model provides a baseline expectation
for how LOF should limit vegetation cover given the spa-
tial distribution of shelter patches and a set distance limit
for foraging grazers. We note that our geometric model
predictions apply generally beyond corals to other patchy
ecosystems where herbivory is concentrated closest to prey

refugia.



Consumer-Resource Model

To understand the impact of consumer-resource inter-
actions on halo formation, we develop a spatially implicit
consumer-resource model that also incorporates how the
LOF and spatial distribution of prey refugia limits growth
of primary producers. The geometric model (eq. [3]) pre-
dicts the fraction of vegetation cover expected when ex-
panding the halo width, 4, given a static spatial distribution
of shelter habitat patches, R. In this dynamic model, we limit
the carrying capacity of vegetation to this fraction of veg-
etation predicted by the geometric model. Since we as-
sume that herbivores (e.g., fish) can freely relocate at any
shelter patch foci, the dynamics can be described by a mean
field consumer-resource model of vegetation cover (A) and
herbivores (H), where

dA A gAH

E - ’YA (1 AoeR((AoA)/rc)> 1+ gSA ’ (5)
dH _  rAH __H — mH (6)
At - 1+ gSA (1 — Ao)k '

Although the herbivores in our model are mean field,
growth and decline of vegetation and herbivores are
constrained by the spatial distribution of shelter patches,
R. This approach allows us to include the spatial impli-
cations of the LOF and account for the long-distance move-
ment patterns of the herbivores without sacrificing model
generality. The model reflects classic consumer-resource
assumptions and is broadly applicable to systems where
herbivores have long-distance ranges but display some
behavioral preferences for grazing near patches of shelter
(e.g., elk near forest patches or cows near trees in pastures).
We assume that grazing occurs at the boundary of the
overlapping circles and that halo width, 4, of equation (3)
will be some scalar function of the fraction of free space
(Ay — A) in equation (5).

The fraction of vegetation (A) increases by expansion
toward the shelter patches at the edge of halos at a rate
v and decreases due to herbivores at a rate g outside of
halos with a type II functional response, where s is the han-
dling time of herbivores. Herbivore populations grow at
a rate r and are limited by the carrying capacity, k, which
is some scalar function of the fraction of shelter cover
(1 — A,). Herbivores also experience mortality at some
rate m (eq. [6]).

To analyze the consumer-resource model, we calcu-
lated zero growth isoclines for the herbivore population
and vegetation cover fraction and plotted phase diagrams
to determine stability and observe all distinct dynamic
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behaviors near equilibria (e.g., saddles, nodes, limit cycles,
other cycles) possible within realistic bounds for the system
(0<A <Ay H > 0) and parameter values (0 < R < 2.14;
o & S k, m, r, y > 0). Since our model is deterministic
and the number of parameters is large, sensitivity analysis
was conducted by varying each parameter separately while
keeping the rest constant, to test impacts on system be-
havior and equilibria (see fig. S4; figs. S1-54 are available
online). Equilibria could not be determined analytically
(>3 polynomial) and thus were determined numerically
as roots of overlapping isoclines. The existence and pat-
tern of bifurcations for numerically determined equilib-
rium values of A were compared as each parameter was
changed in a direction that increases herbivore limitation
(including increased shelter habitat clustering). Qualita-
tive consensus between bifurcation patterns resulting from
similar shifts in isoclines allow us to generalize our results
beyond specific parameter value sets to consider herbi-
vore limitation and shelter habitat clustering effects more
generally.

Study Area and Satellite Imagery Classification

We focused our data analysis of coral halo patterns on
Heron Island, Australia, where halos have been exten-
sively ground-truthed and much information regarding
algae-herbivore-coral dynamics is known (Madin et al.
2011, 2019a, 2019b, 2022). We downloaded a high-
resolution image of Heron Island by Maxar Technologies
using Google Earth Pro 7.3.6.9796 (64 bit). The image is
dated July 3, 2016 (fig. 1). We first narrowed our analysis
to detect halos only in shallow-lagoon habitat using avail-
able GIS shapefiles from the Allen Coral Atlas (Kennedy
et al. 2021; Allen Coral Atlas 2022). The Allen Coral At-
las is a global map of coral reef habitat, which includes
geomorphology that was classified on the basis of Planet
Dove 3.7-m resolution satellite imagery, wave models,
and ecological data. Allen Coral Atlas defines shallow-lagoon
habitat as sheltered reefs that can be completely or partially
enclosed, with a flat bottom and dominated by sediment
that is no deeper than 5 m (Kennedy et al. 2021; Allen Coral
Atlas 2022). Focusing on shallow lagoons allows us to re-
strict our analysis to areas of similar ecological conditions
where halos have been documented and where they are
easier to detect given their shallow depth (Ollivier et al.
2018; Madin et al. 20195, 2022).

All image processing was done in ArcGIS Pro (2.6-
2.8). We projected the shallow-lagoon polygons to the
coordinate system WGS 1984 UTM Zone 56S and geo-
referenced the Heron Island satellite image, with a re-
sulting raster cell size of 1.67 m (length and width). With
the satellite image clipped to the shallow-lagoon habitat,
we assigned each raster cell as algae, coral, or sand based



596 The American Naturalist

on an unsupervised classification by spectral signature
with manual intervention and additional processing, in-
cluding accuracy compared with manually classified parcels
described in detail in the supplemental PDF.

Coral Patch Spatial Distribution from Satellite Imagery

We subsampled the Heron Island reefs by placing square
grids at 1X-8X scale, where X = 47 m across the entire
shallow-lagoon layer. From here, only complete quadrats
(i.e., no jagged edges) with greater than zero coral pixels
were selected, to reduce edge effects and correspond bet-
ter with model predictions that are formulated for square
sample quadrat plots. The spatial distribution of classi-
fied coral pixels was measured using Clark-Evans R (Clark
and Evans 1954). We calculated Clark-Evans R for
n = 1,298 at 1X, n = 260 at 2X, n = 40 at 4X, and
n = 13 at 8X plots of classified coral pixels (figs. 1, S2).
For each plot at each spatial sampling scale, we calculated
the fraction of pixels classified as coral and algae from the
total area sampled. The fraction of coral and algae are
equivalent to 1 — A, and A in our models, respectively.
This subsampling procedure allowed us to account for
herbivores that graze at different scales. For example, finer-
scale spatial features would be more relevant to sea ur-
chins or territorial fish species with high site fidelity,
while larger-scale features would be more relevant to rov-
ing fish species (Eynaud et al. 2016).

Model and Spatial Data Comparisons

We compared results from 1X, 2X, 4X, and 8X spatial
scales by simulating n = 100 reefs using the geometric
model and a binomial error distribution. For this analysis,
we estimated the halo width parameter with maximum
likelihood using the limited memory quasi-Newton Broyden-
Fletcher-Goldfarb-Shanno bound-constrained (L-BFGS-
B) algorithm for each spatial scale assuming r, = 2 pixels.
This reflects a minimum patch reef area of 7} = 35 m?,
which indicates a small-sized circular bommie or coral
patch with a 3.34-m radius. We started with an initial halo
width estimate of 8 pixels = 13.36 m based on previous
studies (Madin et al. 2019b). The fit of the geometric model
and effects of spatial scale were assessed by drawing means
and 95% quartiles of simulated vegetation cover fractions
for R ranging from 0 to 3 and conducting likelihood ratio
tests to compare model fits to null binomial expectations
(fig. S2).

Temporal Halo Pattern Analysis

We also conducted a limited visual analysis of tempo-
ral halo patterns by manually selecting plots to represent

archetypal dispersed (n = 5) and clustered (n = 5)
patch reefs. The initial selection process was nonrandom
to locate plots that best represented isolated patch reef
clusters following methods in Madin et al. (2022) and
dispersed patch reefs using the following selection cri-
teria. Plots were spaced at least 35 m apart but within
the same 900 x 900-m area where there was dense algae
cover in Heron Island (same general region selected in
Madin et al. 2019b) to improve halo detection, to mini-
mize other contributing factors, and to aid in visualizing
results. We chose a plot size of 35 x 35 m, which was the
maximum square-sized quadrat we were able to fit a sin-
gle coral patch reef cluster and its halo without merging
with adjacent halos. We selected clustered plots with clear
halos that were not merged with other halos and dis-
persed plots with no isolated halos in the most recent im-
age of Heron Island dated June 6, 2024. Plots were se-
lected to vary total patch reef cover and concentrate on
regions where vegetation cover was dense while sampling
the image broadly. Then we followed each of our initially
selected plots back through all clear historical aerial imag-
ery available (June 6, 2024; July 3, 2016; October 29, 2011;
August 2, 2006; and April 25, 2001) and scored each plot
for distinct, isolated halos at each time point. Binomial
exact tests were used to compare average detection of halos
over time for dispersed and clustered plots.

We used the following packages in R (ver. 4.2.3;
2023-03-15) for data analysis and visualization: spatstat
(ver. 3.0-2), sp (ver. 1.5-1), and sf (ver. 1.0-14) for spa-
tial analyses and plots; bbmle (ver. 1.0.25) for maximum
likelihood estimation; caret (ver. 6.0-94) for accuracy
tests; stringr (ver. 1.5.0), ggpubr (ver. 0.5.0), and tidyverse
(ver. 1.3.2) for data wrangling; and ggplot2 (ver. 3.4.4)
for data visualization.

Results

Our model analysis showed that the geometry of over-
lapping halos predicts a declining fraction of vegetation
cover as halo width, A, increases and the distribution of
shelter patches moves from dispersed to clustered (fig. 2).
This geometric relationship can be approximated with
an exponential function, which falls between the pre-
dicted vegetation cover responses when shelter patches are
as packed or dispersed as possible in the model (eq. [3];
fig. 2¢, 2d).

When split into quadrat sample plots, the spatial dis-
tribution of coral patches on Heron Island ranges from
R = 0.10 to 3.06 (figs. 1, 3). When the geometric model
is fitted to the data, maximum likelihood estimates of
halo width range from 8.44 to 9.84 m across the different
sampling spatial scales. Simulations of the geometric model
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Figure 3: g, Satellite imagery (background image) of shallow-
lagoon layer from Allen Coral Atlas (black boundary) for Heron
Island, Australia, was classified into algae (green points) and coral
(orange points) for complete, square subsamples using a grid of
quadrats drawn at multiple spatial scales. A 4X spatial scale grid
is displayed, where X = 47 m. b, Example plots of increasingly dis-
persed coral patch (orange points) spatial distributions measured
using Clark-Evans R (higher values indicate higher dispersion).
Quadrats were sampled at 4X spatial scale. Algae spatial distribution
(green circles) are also plotted.

with parameterized halo widths assuming binomial error
distributions show overlapping 95% quartiles across spa-
tial scales sampled (fig. S2). Overlap in confidence intervals
across spatial scales indicates that spatial scale does not sig-
nificantly impact the modeled relationship between coral
patch spatial distribution and vegetation cover fraction
(Bolker 2008). Although the geometric model performs bet-
ter than nested null models that simply assume binomial
error distributions for fractional data (likelihood ratio tests,
P < .001; Bolker 2008), there is a poor overall fit of the geo-
metric model to satellite imagery data (fig. S2).

The dynamic consumer-resource model reveals five pos-
sible equilibria. Two are trivial and unstable (nonvarying
with parameter value shifts) at (0, 0) and (A,, 0), represent-
ing extinction of both herbivores and vegetation cover or
herbivores alone, respectively (fig. 4a). Depending on pa-
rameter values, three additional equilibria emerge. An un-
stable equilibrium separates a stable node and a cycle, which
represent two alternative states: a stable node with consis-
tently high vegetation cover fraction and a cycle fluctuat-
ing close to the origin with periodic declines in vegetation
cover (fig. 4a—4c).
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The fraction of free space, calculated as A, — A, indicates
whether halos oscillate in size (appearing and reappearing)
or remain static over time (fig. 4d). A zone of hysteresis
exists where initial conditions determine which state the
system settles into (fig. 4b, 4c). The system can transition
from the cyclic equilibrium to the stable node when her-
bivore limitations increase. This occurs when s (satiation
of herbivores), A, (fraction space available for vegetation
to colonize), y (growth rate of vegetation), and m (mortal-
ity of herbivores) are increased or when R (spatial disper-
sion of shelter patches), k (carrying capacity of herbivores
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Figure 4: a, Phase diagrams with herbivore (dashed) and veg-
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arrows = trajectories, gray = vector field. Top, A, = 0.8, R =
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R = 1.4 and m = 0.03 (b) and with R = 0.14 and m = 0.03 (c).
d, Equilibria (unstable = dashed) for k = herbivore carrying capac-
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related to shelter fraction), g (grazing rate of herbivores),
and r (conversion rate of vegetation to herbivores) are de-
creased. These changes all indicate limitations on the her-
bivore population, a robust and general model result that
is independent of changes in specific parameters or param-
eter values (figs. 4, S4).

As the spatial distribution of shelter patches becomes
more dispersed (increasing R; fig. 1), the system transitions
from potential bistability to a single cyclic state near zero in
our consumer-resource model (fig. 5a). This bifurcation
pattern suggests that more clustered coral patch distribu-
tions (fig. 1a) may support both static halos and oscillating
halo patterns, while more dispersed distributions (fig. 1d)
are more likely to exhibit only oscillating patterns or a
lack of halos given the near-zero fraction vegetation cover
predicted. However, transient dynamics can result in higher
observed vegetation cover fractions even for plots with more
dispersed shelter patches (fig. 5a). Our satellite-based data
indicate declining algae cover fractions with increased spatial
dispersion in coral patch reefs and significant spread in the
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Figure 5: g, Bifurcation of stable node (pink curve), cyclic (blue
curve), and unstable (dashed curve) equilibrium. The inset shows
the time series for vegetation cover (A) with A, = 0.9, g = 2,
k=48 m=20.09 r=8 s=14, r. =2, vy =0.15 and
R = 0.2 (pink) or R = 2 (blue). Gray curves for A'(t) = 0, the
peaks and troughs for 2,000 time steps including all transience.
b, Fraction algae cover as a function of spatial distribution of coral
patches measured in Clark-Evans R extracted from satellite imagery
of Heron Island sampled at the 1X spatial scale, where X = 47 m.

algae cover fraction for plots with clustered to random distri-
butions of coral patch reefs in Heron Island (figs. 50, S4).
We note that these data are a one-time-point snapshot and
cannot be used to confirm the temporal dynamics predicted
by our model.

In our visual data analysis of historical satellite imag-
ery (fig. 6), we found no evidence of isolated halos in any
of our dispersed coral patch plots over time. Clustered coral
patch reef plots exhibited the appearance and disappear-
ance of halos over time and also the appearance of halos
following a prior lack of halos. A binomial test confirmed
that on average the probability of halos was higher for
clustered plots (prob = 0.72 [confidence interval: 0.51-
0.88], P = .043) than for dispersed plots (prob = 0 [con-
fidence interval: 0-0.14], P < .001).

Discussion

Implementing coral halos as a conservation tool neces-
sitates elucidating the link among coral patch spatial distri-
butions, consumer-resource reef dynamics, and ecological
resilience. We tested two models based on the LOF hy-
pothesis: a geometric model that implicitly assumes LOF
and a dynamic mean field model with explicit consumer-
resource dynamics. The geometric model predicts empiri-
cally observed decreasing macroalgae fractions at Heron
Island when coral patches are more dispersed (higher values
of R; figs. 1d, 5b, S2). The dynamic model with vegetation-
herbivore dynamics may further explain observed patterns,
namely, high variability of the macroalgae fraction data
when coral patches have high and intermediate clustering
(low to intermediate values of R; fig. 5). When habitat
patches are clustered, the modeled system can exhibit a high
and stable vegetation cover, oscillations around low vegeta-
tion cover, and bistability between these two states. Over-
all, we find that the utility of halo imagery as an indicator
of ecological resilience is highly dependent on coral patch
spatial clustering and the parameters associated with char-
acteristics of the vegetation and herbivore communities.
We found that geometric rules can explain the lack of
halos in dispersed coral patch reefs, a finding that aligns
with predictions from LOF theory (Lima and Dill 1990).
The geometric model, while only implicitly incorporating
LOF assumptions, predicts halo widths that are consistent
with width measurements taken at Heron Island (fig. S2;
eq. [3]). This consistency between our geometric approach
and empirical observations provides additional support for
the potential role of LOF in halo formation, complement-
ing previous research in this area (Ollivier et al. 2018; Madin
et al. 2019b). We note that halo width could potentially serve
as an indicator of habitat patch quality or perceived preda-
tion risk (e.g., different coral species, health status), but only
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where halos are temporally persistent. Our analysis demon-
strates that satellite imagery with a resolution of 1.67 m
(currently freely available through Google Earth) was an
effective tool for monitoring halo formation and size, at
least for Heron Island.

Our consumer-resource model predicts the potential
for alternative stable states in coral reef halo systems, de-
pending on the spatial distribution of coral patches. The
model also suggests the presence of ghost attractors, where
the stable node can influence transient system behavior
beyond the critical R value where it is eliminated (Strogatz
2018; fig. 5a). This could explain persistent halo patterns
in reefs where coral dispersion would predict only oscil-
lating states. Future research could focus on testing these
predictions more rigorously. Long-term monitoring of
specific reef sites with varying degrees of coral patch clus-
tering could help detect transitions between static and os-
cillating halo patterns, similar to approaches used in other
ecosystems exhibiting alternative stable states (Hirota et al.
2011). Time series analysis of halo widths in these mon-
itored sites could reveal whether the predicted bifurca-
tion patterns occur in nature, as demonstrated in studies
of coral reef regime shifts (Mumby et al. 2007). Addition-
ally, controlled experiments in mesocosms or small reef
patches could manipulate coral spatial arrangements and
herbivore populations to test for the emergence of alterna-
tive stable states, building on existing experimental work in
reef ecosystems (Hughes et al. 2010). Remote sensing tech-
niques could be further developed to track subtle changes
in halo patterns over time across large spatial scales (Madin
et al. 2019b), potentially capturing transitions between states
and detecting halos where vegetation cover is less dense.
These future directions would not only test our model
predictions but also provide valuable insights into the dy-
namics and resilience of coral reef ecosystems under various
environmental conditions (Nystrom et al. 2000).

Previous work on coral reef alternative stable states shows
that the grazing intensity of herbivores and initial condi-
tions determine whether the system will reach a high-coral/
low-algae state versus a low-coral/high-algae state (Mumby
et al. 2007). Our results provide evidence that LOF can also
lead to alternative regimes in coral reefs, helping to explain
the heterogeneity of vegetation cover observed over time
and across reef systems (Madin et al. 2019a). Because our
framework assumes that coral patches are static, our find-
ings best represent reef systems where vegetation grows
much faster than coral patches, while the Mumby et al.
(2007) model best approximates systems where coral and
vegetation growth rates are more similar. We note the im-
portance of these timescale considerations: under similar
coral patch and vegetation cover growth rates, high spatial
clustering can decrease the potential for bistability through
increased intraspecific competition (Tekwa et al. 2021),

while we find that bistability occurs only when our static
coral patches are clustered.

Assuming that halos are more detectable in regions
with higher vegetation cover, we find that stable halos, halos
that increase and decrease cyclically over time, and the
absence of halos are all consistent with LOF theory. We
expect that in both field and satellite imagery-based sur-
veys, halos are detected primarily where contrast is greatest
against dense or expansive vegetation cover and where adja-
cent halos are not merged (fig. 1). We assume that both
humans and computers are less able to distinguish merged
halo patterns and a lack of halos due to low vegetation cover.
Halos existing in less densely covered vegetation may also
be difficult to detect, underscoring the need to combine
theory, satellite imagery, and field-based observations and
experiments for improving halo detection. Despite these
limitations, our theoretical and satellite imagery results do
help contextualize previous empirical findings that linked
halo size to patch reef area but not to marine reserve sta-
tus in the Great Barrier Reef (Madin et al. 2019a). The
missing link between halo size and reserve status is usu-
ally cited as evidence against LOF theory, but our model
provides an alternative explanation, namely, that larger patch
reefs could indicate more clustered coral patches that in-
crease the potential for high vegetative cover.

Future research that controls for coral patch spatial dis-
tribution (e.g., looking at similarly clustered patch reefs)
while varying marine reserve status would help refine tests
of the LOF hypothesis (fig. 1). Additionally, our consumer-
resource model predicts that increasing limitations to her-
bivores (e.g., in protected reefs with predators such as sharks
or under climate change scenarios) can drive the system to-
ward a stable node where halos are more persistent and eas-
ier to detect. This is consistent with research that linked
marine reserve status to the age of halos (older halos were
found in reserves) rather than their size (Madin et al.
2019a). This same research group detected changing halo
sizes across months and years of sampled historical aerial
imagery (Madin et al. 2022), potentially indicating long-
term cycling behavior that is one alternative state in our
model, which we also provide some initial qualitative sup-
port for here (fig. 6). A reanalysis of halo size dynamics
from Madin et al. (2022) of individual patch reefs in Heron
Island that are representative of the clustered patch reef
archetypes in this study revealed that halo sizes in some
patch reefs are more temporally dynamic than others
(fig. S3). Although these data and our visual analysis of halos
over time provide initial support of our model results, more
extensive data collection—ideally involving long-term field
monitoring of halos—is needed, especially since historical
aerial imagery varies in frequency, coverage, and resolution.
We also do not know whether our nonrandom sampling
methods in space and time limited the potential for isolated



halos to emerge from our dispersed plots, which will re-
quire additional sampling or experimentation to resolve.
Still, the visual analysis provides some qualitative support
for our model findings. Although we predict that more
abundant predator populations will induce more persistent
halos, long-term predator-prey dynamics are also important
to consider. If herbivore populations are overexploited,
predator extinction can occur, resulting in vegetation cover
dominance with zero free space (i.e., no halos, only veg-
etation and shelter habitat-coral patches; fig. 4; Hughes
etal. 2003). However, our model does not yet incorporate
dynamic predator populations or consider metapopula-
tion dynamics of more constrained herbivore populations,
areas we suggest for future research.

Empirical studies focused on the predominance, am-
plitude, and frequency of cyclic behavior in halos may pro-
vide further insights into the health of consumer-resource
interactions on reefs. These investigations can be guided
by our geometric model, which establishes fundamental
expectations for vegetation cover under LOF constraints.
Where cyclic behavior is observed, tracking the amplitude
and frequency of these cycles could offer valuable insights
into the intensity of herbivore limitation, although tran-
sitions to alternative stable states may complicate correl-
ative analyses (figs. 4, 5). Our theoretical findings indicate
that increased restrictions on the herbivore population
can drive shifts from cyclic to static halos. Consequently,
we anticipate a higher prevalence of static halos in protected
reef areas. Additionally, the magnitude of perceived pre-
dation risk by herbivores—a key component of LOF—
may influence herbivore limitation, with heightened risk
likely resulting in more persistent halos due to spatially
restricted grazing activity.

Our models are constructed to be broadly applicable
to systems where LOF dynamics and patchy habitats are rel-
evant. We offer several model-derived predictions for study-
ing LOF effects across ecosystems where herbivores con-
centrate their foraging near patches of protective cover.
We find that static spatial pattern formation in primary
producers resulting from LOF are expected only where
protective patches are relatively clustered. While the fre-
quency of grazing halos remains a useful indicator of LOF-
induced herbivore limitation, meaningful comparisons
require sites with similarly clustered refugia. For example,
static fairy circles produced by termites are predicted to
occur only where termite nests are clustered and provide
protection from predators. These predictions generate clear,
testable hypotheses for future research. Importantly, since
both static and dynamic pattern formation are consistent
with LOF theory, the absence of static patterns neither in-
dicates low herbivore limitation nor excludes LOF pro-
cesses. Thus, LOF dynamics may be more widespread than
previously recognized, particularly in cases where static spa-
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tial patterns were considered prerequisite evidence. Never-
theless, our model finds that temporally persistent grazing
halos, whether on reefs or in other systems, reliably in-
dicate strong herbivore limitation and LOF processes.
Furthermore, our model results suggest that herbivore
limitation in such systems can lead to alternative stable
states, with important implications for ecosystems with
managed herbivore populations. The sudden loss of for-
merly persistent grazing halos may signal a critical transi-
tion in herbivore populations that may be difficult to man-
age for recovery. Therefore, persistent grazing halos may
serve as key indicators for identifying sites that require
long-term monitoring of ecological resilience.

Our study contributes to pattern formation theory in
ecology by demonstrating that grazing halos can repre-
sent an emergent property with important implications
for trophic dynamics. Unlike classic Turing patterns emerg-
ing from reaction-diffusion processes (Turing 1952; Mein-
hardt 1999), we show that grazing halos can arise from
the interplay between static habitat structure and dynamic
consumer-resource interactions that together curate land-
scapes of fear. Our research reveals how the spatial ar-
rangement of shelter habitat patches acts as a template on
which herbivore behavior and primary producer dynamics
interact to produce observable patterns, extending theories
of template-driven pattern formation in ecology (Rietkerk
et al. 2008). A key finding is the emergence of alternative
stable states—static halos, oscillating halos, and absence of
halos—depending on shelter patch distribution and herbi-
vore limitation, exemplifying how small-scale interactions
lead to large-scale pattern formation (Levin 1992). Our
model predicts that more clustered shelter habitat patches
can support bistability between these states, helping to ex-
plain the spatial dependencies of coral halos and addressing
inconsistencies in previous empirical tests of coral halo for-
mation theories. By integrating geometric constraints with
consumer-resource dynamics and LOF concepts, our study
provides a more comprehensive framework for under-
standing halo formation. This connection between spatial
pattern formation and ecosystem functioning underscores
the importance of considering emergent spatial patterns in
understanding and managing complex ecological systems
(Scheffer 2009), with potential applications in conserva-
tion and ecosystem management (Madin et al. 2022).

As a reef manager, maintaining more persistent and
consistent herbivore populations and resulting halos could
be desirable, assuming that the clustering of coral patches
supports halo formation (Mumby and Steneck 2008; Mumby
et al. 2014). Future research could assess whether reefs with
more persistent halos also exhibit more stable herbivore and
predator populations over time. Additionally, experimental
manipulations such as planting vegetation or stocking her-
bivores could test whether stable halos can be induced in
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cyclic systems. These experiments would provide valu-
able insights for developing effective management strate-
gies (Hughes et al. 2003, 2017). Taken together, this study
and the future directions we highlight represent promis-
ing advances toward linking satellite imagery, halo patterns,
and reef community dynamics to support reef conservation
efforts. The principles uncovered here have broad relevance
for pattern formation in other patchy ecosystems limited
by LOF, potentially leading to more integrated approaches
in ecosystem management across different biomes.
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