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and low initial aggregation configurations accelerate growth in
herbivore-dominated systems.

1. Introduction

Coral reefs, one of the most biodiverse ecosystems on the planet,
online at https://doi.org/10.6084/m9 figshare. are facing unprecedented losses and degradation in system
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function [1]. Although reef decline and degradation have been well documented, the dynamics of reef
recovery have received far less attention owing in part to the relatively slow pace of reef growth [2—-4].
Characterization of reef recovery dynamics is especially relevant for expensive reef restoration
programmes that seek to maximize growth of coral fragments to rehabilitate spaces that were once
resilient coral-dominated reefs [5]. Because of the slowly evolving nature of coral reef benthic
seascapes (or reefscapes), computer models and complementary long-term monitoring are essential
for inferring the mechanisms underlying transient coral reef recovery pathways, with the goal of
facilitating possible interventions that minimize the time required to achieve habitat restoration.

The specific mechanisms operating during transient pathways connecting healthy reef states,
dominated by reef-building coral and degraded reef states, dominated by fleshy algae, have only
recently begun to be investigated as reefscape modelling and field studies increasingly shift their
focus from steady-state ‘endpoint’ or attractor perspectives towards transient dynamics [6—-12]. This
change in perspective reflects a growing awareness that the time span over which data are collected
for scientific and management studies is shorter in duration (months to years) than the time needed
for disturbed coral reef systems to decay to an attractor (i.e. a coral-dominated or fleshy algae-
dominated end state). Processes (e.g. recolonization or degradation) observed over these short
durations probably reflect transient dynamics rather than stability at an attractor.

The dynamics of transient stages in substrate-bound systems such as coral reefs are dependent on
interactions between major competitors and are expected to be affected significantly by reefscape
spatial patterns [13-19]. Spatial location of individuals strongly influences outcomes of ecological
interactions because these interactions occur over relatively short distances and are highly sensitive to
the identity of neighbours [20,21]. For example, in non-coral ecosystems such as marsh tussocks of
Carex stricta, ecological interactions resulting in local growth inhibition from shade and radially
accumulating wrack (dead plant material) have been found to affect development of regularly spaced
patterns at larger scales [22]. For coral reefs, we expect that intermediate-time-scale behaviour will be
controlled, in part, by spatial arrangements that influence competition.

Ecological competition is implicitly dependent on context, and as such can influence dynamics. For
example, most competitive interactions are density-dependent, with density of competitors being linked
nonlinearly to vital rates (e.g. probability of survival or rate of growth) [20]. Among sessile organisms,
the effective density of competitors is determined by the spatial ‘halo of interaction’ for individuals (area
within which one organism can interact significantly with a competitor) and the relative spatial
positioning of competitors. Therefore, the degree of nonlinearity is linked to spatial configurations of
sessile organisms [19,20]. Such linkages between spatial patterns and dynamics have been studied in
chemical reaction—diffusion models, where nonlinearity is excited by spatially localized finite amplitude
perturbations that give rise to irregular spatio-temporal patterns significantly affecting how a system
arranges itself to arrive at a patterned configuration [23]. In simplified ecological systems, increased
aggregation has been shown to increase the degree of nonlinearity (e.g. increased spatial proximity
between sessile organisms leads to more intense, localized competitive interactions) and to introduce
time lags, or delays in expected time to dominance or extinction of particular organisms [24]; in
specialized cases, species coexistence occurs despite competitive asymmetry that would lead to serial
extinction in a less-clumped system [18]. Accounting for aggregation patterns when initializing more
complicated, competition-based ecological systems is expected to result in time-evolution pathways that
are markedly different from those that originate with either a homogeneous or random configuration.

Aggregation is a measure of the degree to which individuals of the same type are spatially clumped, and
high levels of aggregation are a common feature in the distribution of substrate-bound organisms, including
stony corals [25-28]. Given that the ‘halo of interaction’ for most corals is limited in extent, often constrained
largely to immediate neighbours with shared borders, conspecific aggregation is expected to have a direct
impact on realized competition. By changing the length of borders open to interactions between
competitive, heterospecific groups, higher levels of aggregation result in individuals interacting less with
competitors in other groups and more with members from the same group than would be expected from
tracking overall abundance [14]. For example, in coral and ascidian aggregation experiments, the rate
with which strong competitors take over space is significantly reduced when aggregated, as their
resources are redirected towards competing with each other, allowing weaker competitors to persist
longer [15,17]. In reef restoration experiments focused on individual coral colony health, close spacing
between coral fragment outplants has been found to increase branching coral vertical growth rates,
although overall fitness and long-term survival decreases [29]. In simulated agent-based coral fragment
models, growth is maximized in uniform, evenly spaced, gridded coral transplant arrangements,
although neither competition with algae nor herbivory level were considered [16]. Patterns of
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aggregation are likely to influence the dynamics of coral reef benthic organisms at spatial scales larger than [ 3 |
that of the single individual, extending to reefscape patterns and their longer time scales.

We used a lattice model of interacting coral and algae organisms parametrized for Caribbean coral
reefs to investigate the dynamical evolution of hierarchically ordered (transitive) competing functional
benthic groups with varying initial aggregation. Because coral reefs are complex systems, we
employed the theoretical and analytical methods of complexity to investigate the following questions:

(1) How do patterns of initial aggregation affect coral reef system pathways towards endpoint attractors
and how do differences depend on herbivore abundance (i.e. reef conservation scenarios)?

(2) Do pathways exhibit linear (one-way) or nonlinear (strong two-way) dynamics and what can be
inferred from the presence or absence of nonlinearity?

(38) How do biologically driven diffusive processes (~colony fusion) contribute to the development of
aggregated reefscape patterns?

(4) What minimum set of variables (state space axes) characterize reefscape transient dynamics and
evolution towards the attractor?

2. Methods
2.1. Spatially explicit reef benthic model

sos1/JeuInof/610Suiysignd/aposjelos
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Simulations were undertaken using a spatially explicit lattice model that previously has been used to
investigate coral reef benthic behaviour under spatially varying patterns of herbivory [7,30]. The model
domain consists of a 200 x 200 cell lattice simulating a 400 m* area with periodic boundary conditions in
both horizontal directions (i.e. a toroidal lattice); large enough to capture cross-reef spatial patterns based
on constituent-scale dynamics (for thousands of coral colonies). Additionally, this scale is in line with
current studies based on larger-area benthic assessments using reef photomosaic data that are being
collected across the tropics for analyses of spatial patterns and structural complexity (e.g. 10 x 10 m plots
in [27] and 15 x 15 m plots in [31]) as well as the spatial scale of many active coral outplanting and
restoration efforts.

The model is parametrized for Caribbean coral reef benthic community dynamics and includes cells
representing four spatially dominant, mutually exclusive functional groups: slowly evolving stony coral
(CO), early successional turf algae (TA), later successional macroalgae (MA) and crustose coralline algae
(CCA), which act as a type of foundational substrate for growth of the other forms. Ecological processes
determining the time evolution of the functional groups include competition, growth, recruitment, algae
succession, mortality and herbivory (figure 1a). Model simulations were run with time steps of 0.025
years for durations that included decay to steady-state attractors (10 to approx. 500 years). All rates
used are based on the original model [30] and references therein.

Competitive outcomes between functional groups are based on a competitive hierarchy which, in
order of decreasing dominance, is large CO (cells belonging to colonies larger than the dominant
colony size threshold, Cy, = 900 cm?), MA, small CO (cells belonging to colonies below the colony size
threshold), TA and CCA. The competitive hierarchy, including the existence of a coral colony size
threshold above which colonies grow and survive, has been well documented through tracking of
coral colonies in regular contact with MA in field observations [32-34]. CCA in the model also
represents open space, ignoring possible facilitating or competitive effects of certain CCA species [35];
inclusion of such facilitation or competitive effects has been confirmed to not substantively affect
model results [7]. All CO cells were set to represent branching coral types, which exhibit potentially
unlimited growth, although dynamics are qualitatively similar for ‘massive’ coral with colony-specific
asymptotic growth [30].

Cell transition probabilities in the model are a function of the current state of a cell and that of its four
adjacent neighbour cells (von Neumann neighbourhood), with outcomes determined by the competitive
dominance hierarchy. Growth of CO, TA and MA occurs clonally (vegetatively) by laterally expanding
into neighbouring space. The probability of an individual cell being overgrown by a neighbouring cell
is dependent on the growth rate of the neighbouring functional type, G,, where x denotes the
functional type CO, TA or MA, and n,, ranging from 0 to 4, denotes the number of neighbouring cells
occupied by the functional type x. Therefore, the probability of a cell being overgrown by functional
type x is 1 - (1 - G,)". Growth rates for CO, TA and MA are 0.01, 1.0 and 0.5 m yr !, respectively;
previous sensitivity analyses have found model results are robust to changes in growth parameter
values [30].
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Figure 1. (a) Cell transitions among the four functional groups (outlined in representative colour used in lattice) in the model are
based on characterizations of coral reef dynamics as transition probabilities or state-dependent functions (f(x)) that define
probabilities, including competition (dashed arrows), growth, recruitment, algae succession, mortality and herbivory. (b) Model
is initialized with various arrangements of coral patches with aggregation varying from 0.66 to 0.99 (fractional cover held
constant). (Colours outlining images represent groups in lattice.)

Recruitment of benthic types occurs through the arrival and survival of mobile propagules into the
juvenile population present on the reef. In the model, recruitment for each functional group is the
composite probability of planktonic arrival in addition to survival into the juvenile class (i.e. growth
to the size of a cell on the lattice). CO recruits to cells occupied by either CCA or TA with probability
0.01 yr '; TA recruits to CCA cells with probability 0.80 yr '. Because MA recruits from growing out
of TA assemblages on reefs, a TA cell undergoes succession into MA with probability 0.33 yr~'. If a
cell is designated to be overgrown by a neighbouring cell as well as undergo recruitment, the
outcome is determined by the competitive hierarchy.

Natural background mortality can affect all organisms. For algae on the reef, the tendency to exist as
an assemblage of multiple individuals limits the likelihood of individual mortality in a particular area.
Therefore, in the model, algae mortality occurs only from herbivory (described below). For coral,
which are long-lived and dominant competitors, CO cell mortality is simulated with probability
0.15yr~! and results in CO cells converting into CCA cells.

Herbivory of algae on coral reefs naturally occurs from a suite of reef fishes and invertebrates.
Because of their high mobility, herbivorous fish, which are the main herbivores in the Caribbean, can
explore wide areas of the benthic reefscape in their search for food. Therefore, grazing is simulated in
a spatially random manner across the lattice, with TA and MA cell types having an equal likelihood
of being consumed and converted to CCA. Herbivory was set to occur at a moderate grazing rate of
12% of algae cells grazed per time step. This rate is comparable to a median-range mixed assemblage
of herbivorous fishes with biomass of approximately 14 g m 2 [9,36], which decreases at a rate
proportional to the total available TA and MA cells if fractional cover of algae decreases on the lattice.
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The results presented here are insensitive to the particular ways the ecological processes were [ 5 |
parametrized in the model. For example, indirect effects of spatially constrained grazing on coral-
algae competition (e.g. from intensified grazing close to large corals that offer fish protection [37,38])
and coupling fish to the benthos, were found to not significantly alter pathway behaviour (refer to
electronic supplementary material, ESM8). This does not mean that grazing rate, or herbivory level,
has no influence on spatio-temporal dynamics, as has been found elsewhere [9,39] and as
demonstrated by our exploration of the impact of levels of herbivory (described at end of this section).
Instead, it highlights how the transient stage that arises from more clumped spatial configurations is
robust to the grazing algorithm employed. Lastly, algal food preference by grazers previously has
been shown to have limited impact on model results [7]. For further details on the parametrization
and construction of the coral reef benthic model, refer to Sandin & McNamara [30].

*sosi/Jeunof/6106uiysgnd/aposjedos

2.2. Aggregation

The overall time-evolution of the reefscape was characterized using (i) pathways of fractional cover f,,
where x is CO, TA, MA or CCA, calculated as the area occupied by each functional type of cell
divided by the total area of the lattice and (ii) coral aggregation (ag.,), defined in equation (2.1) as the
number of coral-to-coral cell boundaries divided by the total number of CO cell boundaries over the
lattice (N * M),

a o Zfil Z]]Vil (rco(irj) nco(i/j))
fo ™ AN+ M,

(2.1)
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where 1, (ij) is 1 if the (ij) cell was occupied by CO and 0 otherwise and n(i,j) is the number of
neighbouring CO cells (0-4). Fractional cover of CO is represented by f.,. This metric for aggregation
is 0 when no two CO cells are neighbours and approaches 1 when all CO cells are arranged in a
single clump.

To investigate the effect of aggregation on reefscape pathways, 12 initial configurations varying only
in aggregation from 0.66 to 0.99 with CO/TA/MA/CCA initial fractional covers of 0.3/0.5/0.20/0.0
were constructed (figure 1b). These configurations were created using gridded patterns of CO cells
with varying distances between colonies of size 30 x 30 cm (this size maximized the number of
possible configurations using colonies above the competitive size threshold), plus one configuration
with random placement of coral colonies (aggregation = 0.71). Each initial configuration was used to
initiate 16 simulations, each with a different random number generator seed. All simulations were
conducted without disturbances (e.g. storm events) because our focus is on the intrinsic ecological
dynamics of the reefscape and because numerical experiments conducted with stochastic disturbance
events did not significantly influence the delay effect of aggregation on reefscape pathways (electronic
supplementary material, figure S6).

2.3. Pathway characterizations

Quantitative features along pathways (e.g. inflection points) yielded four characteristic stages: repelling,
transient, attracting and attractor stages (figure 2). For the repelling and attracting stages, the time scale
(i.e. the response time related to the internal dynamics of the system) was calculated over the duration of
the stage, whereas stage duration was determined for the transient. Boundaries between stages were
defined quantitatively using automated algorithms tailored for these simulated time series based on
knowledge of the types of solutions possible in the different stages. Specifically, the linearized
solutions to escape from and decay to the repellor/attractor in the repelling/attracting stages are
exponential rise/decay [40]. Generally, boundaries were determined by following pathways forward
in time and flagging the time step where the slope of a fit to an exponential function over a window
of three time steps changed by more than 1.5 times the standard deviation of the slope in the
previous time step window. For each random-seed-based set of aggregation levels, the boundary
between repelling and transient stages first was determined for the initial configuration that arrived at
the attractor the fastest (the most regular initial aggregation pathway). To effectively compare the time
scales of short-duration repelling stages while minimizing effects of noise from longer-duration
initializations, this same repelling-to-transient boundary value then was used for the remaining
pathways in that set. The boundary between transient and attracting stages was found by identifying
the inflection point (where the derivative of the pathway within the transient stage changes sign). The



0.7 1
06[
05f /
04/
0.3%

0.2 \_
0.1 transient " attracting | attractor
repelling’_|

O I L i
0 50 100 150 200 250

time (years)

~.

Figure 2. Coral fractional cover pathways versus time from initial aggregation level 0.91 (yellow) and 0.99 (dark red) illustrate
differences in the four pathway stages: repelling, transient, attracting and attractor. Snapshots of the reefscape lattice at
multiple points throughout the pathways (top row for red pathway; bottom row for yellow) show persistence of initial pattern
into the attracting stage for both pathways. Blue, CO; green, MA; bluish green, TA; orange, CCA.

fractional cover

boundary between the attracting stage and the attractor stage was found by moving forward along the
pathway to flag the point where the slope of a fit to an exponential function over a window of 10 time
steps differed by more than two standard deviations of the slope in the previous window. Because the
position of this point is sensitive to small stochastic fluctuations arising from probabilistic cell transitions,
the fractional cover pathway was smoothed by employing a commonly used iterative diffusion method,
in which the diffusion equation is applied to the curve for selectively smoothing at small scales [41].

2.4. Herbivory scenarios

The level of herbivory on the reef is expected to impact coral-algae competition, because reefs with
depressed herbivore abundances favour growth of competitively dominant algae [42]. Such conditions
can influence expectations of spatial configurations with important implications in reef conservation
management. In the model, the level of algae herbivory was varied to investigate if pathway
dependence on initial aggregation (using four representative aggregation levels: 0.66, 0.77, 0.89, 0.99)
changed in herbivore-abundant (24% of algae grazed per time step) versus herbivore-limited (4% of
algae grazed per time step) reef conditions (n = 50).

2.5. Characterizing underlying dynamics (linear versus nonlinear)

To assess the nature of the dynamics underlying the pathways of the reef system, spatio-temporal
forecasting was applied to the transient, attracting and attractor stages. The repelling stage is too short
for this method. Temporal and spatial forecasting operate by reconstructing state space using lagged
replicates of a portion of a series of points sampled in time [43] or space and time [44]. Here, the
reconstructed state space consisted of a cube of cells with two of the directions being spatial
snapshots of the lattice and the third being time at intervals of one year [45]. The reconstructed state
space is then probed to explore the role of nonlinearity by evaluating prediction skill along a given
trajectory in the state space as a function of the number of neighbour trajectories used to make the
prediction (30000 points using fivefold cross validation). Forecast accuracy remaining constant with
increasing number of nearest neighbours is consistent with linear dynamics. Forecast accuracy that
reaches a maximum at moderate number of nearest neighbours and then decreases is consistent with
nonlinear dynamics.

3. Results

Each of the quantitatively defined stages (figure 2: repelling, transient, attracting, attractor) is related to
the underlying modelled ecological dynamics. The repelling stage captures the initial response of the

" €0L181 9 s tado 205y sosyjeumol/biobunsiqndfaanosiedor



#(d) pathways (c) repelling (e) transient (®) attracting
1.0 09| e 15 250 15
S08 oz 5 ii 200 | S
=} > ] o > 2
= Sos élo i 2150 i =" ' " o
8 S04l sl £ 100 | g 1
31 = o 3 b 5] ' ] *
Zoaf/ g7 550 E
e 0 oL & . . | 0
0 50 100 150 200 07 08 09 1.0 07 08 09 1.0 07 08 09 1.0
w1, @ 4 () 250 ) 4
g Zos g4 , e £ 200 g5
o0 3 = 2 o)
= S 06 = 2 150 =
o = = 2! s g = 2
= : g H S
5 04/ g l £ 100 0 g
S5 \ 9 . T g ] o ¥
SR AN 2 N ] udlos oo
AN 0 0L o we .
0 50 100 150 200 07 08 09 10 0.7 08 09 1.0 07 08 09 1.0
time (years) initial aggregation initial aggregation initial aggregation

Figure 3. Effect of increasing initial aggregation of (O patches on CO and MA fractional cover pathways for 12 different initial
aggregation configurations (n = 16 per initialization). Colour gradient from blue to red in all panels represents increasing initial
aggregation from the most regular (dark blue) to the most clumped (dark red). Temporal pathways of fractional cover for (a)
(0 (with inset of early starts) and (b) MA: both CO and MA experience an increased delay in arrival to the attractor as initial
aggregation of CO increases; time scale of repelling stage as a function of initial aggregation for (c) CO and (d) MA: repelling
time scale doubles for (O while the time scale decreases for MA between two initial aggregation extremes; duration of
transient stage as a function of initial aggregation for (¢) CO and (f) MA: transient duration increases as initial aggregation
increases for both, with threshold region (grey) showing simulations with same aggregation realized with and without
transient stage; time scale of attracting stage as a function of initial aggregation for (g) CO and (h) MA: attracting time scale
unaffected by initial aggregation.

system to the initial aggregation condition. Coral (CO) fractional cover pathways exhibit an initial decline
attributed to limitations imposed on CO growth by the limited number of CO cells bordering non-CO
cells. During this stage, pathways exponentially move away from a repelling fractional cover value, as
predicted by linearization around a repellor. In the transient stage, late successional MA (transitioning
from early successional, rapidly recruiting TA cells) actively competes with CO. The transition to the
attracting stage is marked by an increase beyond a threshold number of dominant CO cell neighbours
of MA, where MA becomes patchy or fragmented enough to expose sufficient borders for
the dominant CO to overgrow it and for grazers to consume the remainder. The transition to the
attracting stage, where pathways exponentially decay towards the attractor, is marked by steady
recruitment and growth of CO onto the foundational substrate—CCA—and TA cells. In the attractor
stage, the balance between CO overgrowth of CCA/TA and CO mortality results in a simulated
reefscape dominated by CO (0.586 + 0.002 s.d. fractional cover and 0.640 + 0.003 s.d. aggregation) and
the passive CCA.

Increased aggregation in the initial configuration (blue to red pathways in figure 3) affects CO and
MA (figure 3a and b, respectively) pathways by prolonging arrival to the attractor. As initial
aggregation increases, each CO fractional cover pathway exhibits an increasingly lower minimum
(figure 3a). This change reflects CO mortality outweighing CO growth more intensely when CO cells
become limited largely by CO cell neighbours that impede growth into surrounding space. CO
fractional cover pathways begin to recover from the decline only until enough CO cells undergo
mortality, thereby opening space (de-aggregating the pattern) for CO growth onto newly recruited
CCA and TA. The CO repelling exponential time scale increases markedly as aggregation increases,
with a doubling of the time scale between dispersed and clumped cases (figure 3c). This signifies that
aggregation can constrain small-scale ecological processes of growth and competition that manifest in
the pathways of fractional cover. The MA repelling time scale (figure 3d) exhibits a trend in the
opposite direction, decreasing as aggregation increases in a manner that appears to be coupled to CO.
MA competitive losses to the dominant CO cells are minimal and localized to the perimeter of the
clumped CO, so that MA more rapidly takes over the inferior TA/CCA dominating the lattice,
thereby reducing the MA time scale as aggregation increases. Transient durations for both CO and
MA (figure 3e,f) show a sharply increasing trend as aggregation increases, with the difference in
transient duration between dispersed and clumped initial conditions exhibiting a 10-fold increase. This
is consistent with the duration of the influence of the initial condition found from power spectral
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Figure 4. Duration of time to arrive at attractor versus initial aggregation for herbivore-abundant (light dots) and herbivore-limited
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Figure 5. Nonlinear spatio-temporal forecasting of a clumped (0.96) initialization pathway tests for nonlinearity for the transient,
attracting and attractor stages. Forecast skill versus number of nearest neighbours used for forecasts. Nonlinear dynamics dominates
transient stage and linear dynamics dominates attracting and attractor stages. The standard deviation for the attractor stage
averaged 0.002 (range: 0.002—0.006), 0.0017 (range: 0.0010—0.0039) for the attracting stage and 0.014 (range: 0.010—0.027)
for the transient stage.

analyses (electronic supplementary material, figure S1). The transient stage is mostly absent (duration
between 0 and 5 years) for initial aggregations less than 0.72, present in only some iterations for initial
aggregation up to 0.75, and rises sharply to greater than 40 years thereafter, suggesting a threshold
initial aggregation exists for the presence of a transient stage (figure 3¢,f). Initial aggregation does not
influence attracting time scales of either CO or MA (figure 3g,h) because the initial pattern at this late
stage nearly disappears (figure 2 snapshots). In summary, initial spatial configuration is critical for
determining the presence and length of the transient stage along reefscape pathways.

A second set of conservation scenario experiments to investigate how varying reef condition affects
the results indicates that higher initial aggregation significantly increases the total time required to arrive
at the attractor by a factor of approximately 1.5 for herbivore-abundant reefs and approximately 4.0 for
herbivore-limited reefs (figure 4; electronic supplementary material, figure S4). For the most clumped
initial aggregation (0.99), the time delay in arriving at the attracting stage varies 10-fold between
intact herbivore-abundant and degraded herbivore-limited reefs.

To investigate the nature of the dynamics underlying the stages, a spatio-temporal forecasting
method was employed [44,45]. The results are consistent with dominance of linear dynamics, or weak
one-way interactions (e.g. growth), in the attracting and attractor stages, and nonlinear dynamics, or
strong two-way interactions (e.g. active coral-algae competition), in the transient stage (figure 5).
Forecast skill is similar for all pathways across aggregation levels, except for cases with short transient
stages (less than 5 years), for which the strength of nonlinearity is marginal (electronic supplementary
material, figure S3).

In all simulation results described above, attracting and attractor stages are marked by a lack of spatial
clumping significantly above the size of a cell. The lack of spatial patterning appears to be a characteristic of
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for diffusion constant k =0 m”yr " (thin) to k= 0.016 m”* yr ' (thick) show increasing time scale to arrive at attractor.
(b) Attractor values for (O fractional cover (circles) and aggregation (triangles) as a function of coral diffusion, k. As diffusion
increases, CO fractional cover decreases and aggregation increases slightly. Error bars are 1 s.d. and snapshots are of lattice at
attractor for k = 0 and 0.08 m?yr~ " (dark, CO; grey, CCA).

the dynamics of this particular model, because the ratio of decay time scales of fast- (i.e. coral growth) and
slow-scale (i.e. fractional cover and aggregation) processes is near unity (further details in electronic
supplementary material, ESM5). Spatial patterning requires scale separation, or the decoupling of
dynamical interactions between different scales (e.g. in forests: time scales of tree growth are significantly
shorter and scale separated from time scales associated with development of forest patterns [46]). Scale
separation, in turn, requires dissipation, which acts to smooth, damp or mix differences between
elements of the system. So dissipation in reefscapes, in the form of diffusion, involves smoothing out of
interfaces between patches of coral and other functional groups and could have a biological origin in
coral colony fusion processes. Dissipation enforces scale separation by damping fast-scale dynamics on
the slow scales of the pattern leading to self-organized spatial configurations [47,48]. To test whether
adding dissipation to the model would induce aggregated reefscape patterns in the attractor, the model
was modified to include CO diffusion using a range of diffusion constants (figure 6; electronic
supplementary material, ESM5). The results indicate that diffusion enables self-organization and
clumping in the model, which is in line with previous studies that have linked diffusive or differential
flow processes with regular pattern formation [47,49]. However, diffusion also acts to depress the steady-
state CO fractional cover. This agrees with the previously quantified effect of increased initial
aggregation, where fewer coral borders open to competitive interactions result in mortality processes
outweighing growth processes. CO diffusion results in retention of some of that clumpiness, or growth
limitation, which translates to a lower CO fractional cover at the attractor.

4. Discussion

A dynamical analysis of a simulated coral reefscape shows that pathways starting from clumped initial
conditions consistently can be categorized into four stages: repelling (early rapid shift), transient (slow

02181 *9 s ado 205y sosy/jeunol/GioBusygndisaposeror g



steady increase from spatial rearranging), attracting (decay to endpoint attractor) and attractor (steady [ 10 |
state). Our model results suggest that aggregation sets the context for the processes of coral growth
and coral-algae competition. As initial aggregation increases, coral repelling time scale and duration
of the transient stage increase because the length of coral borders exposed to non-coral interactions
decrease and thereby limit coral expansion (through growth and competition). This model result
reflects ecological processes driven by neighbourhood interactions at patch boundaries where,
depending on conditions (for reefs: herbivore abundance, nutrient and/or sediment input, etc.),
outcomes of competition are determined. Combined with other modelling and experimental studies
that highlight the influence of boundaries between competitors [15,19,50], our model results suggest a
boundary-centred focus for future reefscape models that build on and go beyond lattice models of
reefs. For example, one promising approach involves using continuum models that integrate over both
space and time to capture the dynamics of interacting patches of coral reef functional groups.

*sosi/Jeunof/6106uiysgnd/aposjedos

For reef restoration initiatives that seek to maximize the growth of coral colony fragments cemented to
artificial structures of various geometries and arrangements [51], our model results suggest that increasingly
aggregated configurations of large, competitively dominant fragments can limit growth in both herbivore-
abundant and herbivore-limited systems (figure 4; electronic supplementary material, figure S4). Our
results also highlight how smaller, competitively inferior coral colonies can persist in a clumped pattern
within the context of a degraded herbivore-limited reef state (electronic supplementary material, figure
S8), owing to the reduction of deleterious coral-algae borders. This effect is enhanced if fusion between
genetically similar fragments occurs and increases coral survival, given the improved ability of larger
individuals to withstand assaults [52,53]. When considering the establishment of protected reef zones for
restoration, complementing an evaluation of reefscape local condition with level of coral colony

Eouglgmuadomsy

aggregation can help target locations that maximize persistence or coral growth and dominance.

The significance of a protracted transient stage dominated by nonlinear dynamics is that the interactions
of organisms are more actively, or strongly, linked during this stage (e.g. in this study, active competition
between coral and macroalgae). In other words, competition could appear different during transient
(recently disturbed) periods than during steady-state ‘pristine’ conditions (long after a disturbance).
Further studies of reefscapes in transient stages, as when recovering from recent perturbations or when
intact, herbivore-abundant reefscapes are on the path towards herbivore-limited, macroalgae-dominated
systems could continue to inform conservation monitoring studies and interventions [54].

The existence and duration of transients in the model depends on clumped competitively dominant
coral colonies gradually outcompeting algae. The relationship of transients to initial clumping
configurations is supported by the existence of a threshold aggregation above which the dynamically
nonlinear-dominated transient stage emerges. Previously, transient behaviour has been linked to
increasing growth rates in models that follow density-dependent population dynamics as a function of
both space and time [55-57]. However, this is the first time, to our knowledge, that a threshold
aggregation for transient behaviour has been identified in modelled subtidal systems. These model
results are consistent with the argument that spatial distribution, as characterized by aggregation,
plays a role in determining the nature of pathways towards large-scale system structure and function.
Therefore, level of aggregation complements metrics such as competition coefficients, density and the
abundance of competitors in characterizing systems dominated by intense competition for space,
although investigating explicit links to non-coral systems (e.g. tidal marshes, arid systems, etc.) will
require futher research [19,47].

The role of aggregation as an additional key spatial metric of reefscape dynamics also is evident when
constructing the reefscape state space (i.e. the multi-dimensional space of a dynamical system where all
possible states can be mapped). Previous studies of reefscape dynamics have used only two dimensions,
coral and macroalgae fractional cover, as the axes of state space (e.g. [9,30]). However, in the reefscape
model, trajectories in a two-dimensional state space of coral and macroalgae fractional cover intersect
themselves and other trajectories when varying initial aggregation (figure 7a), indicating that two
dimensions (coral and macroalgae fractional cover) do not adequately represent the dynamics of the
reefscape model (because trajectories that resolve dynamics do not cross in state space [58]). Adding
aggregation as a third dimension of state space removes most trajectory crossings and further resolves
trajectory pathways towards the attractor; a finding that also is supported by an independent method
(method of false nearest neighbours: the fraction of false nearest neighbours drops to near zero at three
embedding dimensions) [59] (figure 7b; electronic supplementary material, figure S2). That benthic coral
reef system dynamics are better represented using three dimensions supports our earlier results on the
key role of aggregation in spatio-temporal dynamics. This theoretical finding indicates that
comparatively large-scale reefscape field observations that can track aggregation to generate long-term
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spatio-temporal series (as recently has become possible with large-area ortho-rectified two- and three-
dimensional photomosaics that resolve the boundaries of coral [27,60]) might contribute towards better
resolving reefscape dynamics.

Ecological modelling and experimentation typically employ random initial configurations [61,62]; our
model results suggest that clumped initial configurations can significantly influence dynamical pathways in
spatially extensive systems, and so measuring aggregation can inform analyses, in our case, of coral reef
dynamics. In coral reefs, these theoretical results can be tested in long-term monitoring or restoration
experiments covering large-scale segments of reefs (approx. 100 m? or more with biannual or annual
surveys) by tracking coral colonies out-planted over a range of aggregation levels. We are aware of at least
one experiment that has been initiated based on our results (J.E.S. 2017, personal communication). Generally,
the resulting delay effect arising from more clumped initial configurations on dynamical pathways suggests
that analyses of models of other spatially extended systems might benefit from considering the effect of
initial spatial configurations that deviate from random distributions on modelled system dynamics.

Under rapidly changing environmental conditions owing to global warming and other anthropogenic
impacts, coral reefs can be increasingly perturbed far from their steady state [63,64]. A brief model
exploration of recovery from storm disturbances showed decreased persistence of coral on reefscapes with
pathways retaining initial clumped configurations characteristic of the transient stage (refer to electronic
supplementary material, ESM6; figure S7). Future work could further investigate the impact of recurrent
and intensified storm disturbances on transient dynamics and underlying spatial configurations, although
broad generalizations might be challenging owing to the site-specific nature of disturbances [65].

Coral reefs are complex systems exhibiting variations across basins; these variations provide a multitude
of opportunities for testing and expanding the implications of our theoretical research [26,66]. For example,
macroalgae interactions and algal colonization have been observed to be far less frequent in the Indo-Pacific
than in the Caribbean [67], which could affect the relative durations of transient dynamics in the two
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regions. Studying locations with a larger number of benthic groups, with differing life-history traits and
growth morphologies, could also illuminate aspects of transient dynamics, especially because an overall
tendency for clumping has been observed across taxa [26-28,68]. Another possible study could test how
aggregation affects reefscape pathways in conditions dominated by intransitive competitive interactions,
or indirect interactions between multiple players, rather than transitive, or direct interactions (which has
been our focus here) [69].

In conclusion, initial spatial clumpiness, as characterized by aggregation, delays arrival of simulated
coral reef fractional cover pathways towards their endpoint attractors by modulating the duration of the
transient stage (one of the four characteristic dynamical stages defined). This delay effect on pathways is
magnified (10-fold) in herbivore-limited reef conditions, where coral growth is further slowed by
conditions that favour algae competitors. The character of the dynamics at each stage of a reefscape
pathway is determined by aspects of the underlying ecology; dynamics in the transient stage are
dominated by nonlinear, competitive interactions, whereas the dynamics of the other stages are
dominated by linear interactions, such as growth. Coral fusion, simulated using diffusion, promotes
pattern formation in the model, which suggests that dissipative dynamics, in addition to nonlinear
dynamics, should be considered in future research on coral reef models. Three variables, coral and
macroalgae fractional cover and aggregation, are required to resolve state space dynamics of clumped
coral reefscapes, underlining the key role of aggregation in these substrate-bound systems.
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Authors’ contributions. M.B-M. conceived of study, participated in design and execution of modelling and analysis, drafted
the manuscript; B.T.W. participated in design and execution of modelling and analysis, drafted the manuscript; S.A.S.
participated in design and helped draft the manuscript; D.E.M. participated in execution of modelling and helped
draft the manuscript. All authors gave final approval for publication.

Competing interests. We have no competing interests.

Funding. M.B-M. funded by NSF Graduate Fellowship, the Department of Scripps Institution of Oceanography and The
Gordon and Betty Moore Foundation. S.A.S. funded by the Gordon and Betty Moore Foundation. D.E.M. funded by
NOAA CIOERT Award NA14OAR4320260. B.T.W. received no funding for this project.

Acknowledgements. Insightful conversations with and technical support from N. Cortale and Y. Eynaud are gratefully
acknowledged. We are also grateful to the anonymous reviewers whose comments improved the manuscript. This
work was supported by an NSF Graduate Fellowship to M. Brito-Millan, the Department of Scripps Institution of
Oceanography and The Gordon and Betty Moore Foundation. Author order ranked by contribution.

References

1. Nystrom M, Folke C, Moberg F. 2000 Coral

reef disturbance and resilience in a human-

interactions. J. Theor. Biol. 273, 37— 43. (doi:10.
1016/j.jthi.2010.12.022)

assemblages on a South Central Pacific reef.
Coral Reefs 28, 775-780. (doi:10.1007/500338-

dominated environment. Trends Ecol. Evol. 7. Eynaud Y, McNamara DE, Sandin SA. 2016 009-0515-7)

15, 413-417. (doi:10.1016/50169- Herbivore space use influences coral reef 13. Watt A. 1947 Pattern and process in the plant
5347(00)01948-0) recovery. R. Soc. apen sdi. 3, 160262. (doi:10. community. Br. Ecol. Soc. 35, 1-22.
Hoegh-Guldberg O et al. 2008 Coral reefs under 1098/rs05.160262) 14. Stoll P, Prati D. 2001 Intraspecific aggregation
rapid climate change and ocean acidification. 8. Blackwood JC, Hastings A, Mumby PJ. 2012 The alters competitive interactions in experimental
Science 318, 1737—-1742. (doi:10.1126/science. effect of fishing on hysteresis in Caribbean coral plant communities. Ecology 82, 319-327.
1152509) reefs. Theor. Ecol. 5, 105—114. (doi:10.1007/ (doi:10.1890/0012-9658(2001)082[0319:
Osborne K, Thompson AA, Cheal AJ, Emslie MJ, 512080-010-0102-0) 1AACI112.0.0;2)

Johns KA, Jonker MJ, Logan M, Miller IR, 9. Mumby PJ. 2006 The impact of exploiting grazers 15.  Idjadi JA, Karlson RH. 2007 Spatial arrangement
Sweatman HPA. 2017 Delayed coral recovery in (Scaridae) on the dynamics of Caribbean coral of competitors influences coexistence of reef-
a warming ocean. Glob. Change Biol. 23, reefs. Ecol. Appl. 16, 747-769. (doi:10.1890/ building corals. Ecology 88, 2449—2454.
3869—3881. (doi:10.1111/gch.13707) 1051-0761(2006)016[0747:TIOEGS]2.0.0;2) (doi:10.1890/06-2031.1)

Graham NA, Nash KL, Kool JT. 2011 Coral reef 10.  Jackson JBC, Donovan MK, Cramer KL, Lam V, 16.  Sleeman JC, Boggs GS, Radford BC, Kendrick GA.
recovery dynamics in a changing world. Coral Lam W. 2014 Status and trends of Caribbean 2005 Using agent-based models to aid reef
Reefs 30, 283—294. (doi:10.1007/500338-010- coral reefs: 1970—2012. Washington, DC: Global restoration: enhancing coral cover and

0717-2) Coral Reef Monitoring Network. topographic complexity through the spatial
Bayraktarov E, Saunders MI, Abdullah S, 1. De‘ath G, Fabricius KE, Sweatman H, Puotinen arrangement of coral transplants. Restor. Ecol.
Mills M, Beher J, Possingham HP, Mumby PJ, M. 2012 The 27-year dedline of coral cover on 13, 685-694. (doi:10.1111/j.1526-100X.2005.
Lovelock CE. 2016 The cost and feasibility the Great Barrier Reef and its causes. Proc. Nat! 00087.x)

of marine coastal restoration. Ecol. Appl. Acad. Sci. USA 109, 17 995-17 999. (doi:10. 17.  Hart SP, Marshall DJ. 2009 Spatial arrangement
26, 1055-1074. (doi:10.1890/15-1077) 1073/pnas.1208909109) affects population dynamics and competition
Blackwood JC, Hastings A. 2011 The effect of 12. Adjeroud M et al. 2009 Recurrent disturbances, independent of community composition. Ecology

time delays on Caribbean coral-algal

recovery trajectories, and resilience of coral

90, 1485~ 1491. (doi:10.1890/08-1813.1)

" €0L181 9 s tado 205y sosyjeuwmol/biobunsiqndfaanosiedor g


https://github.com/2mangitos/boundarydivs2.git
https://github.com/2mangitos/boundarydivs2.git
https://github.com/NickC1/skedm
https://github.com/NickC1/skedm
http://dx.doi.org/10.1016/S0169-5347(00)01948-0
http://dx.doi.org/10.1016/S0169-5347(00)01948-0
http://dx.doi.org/10.1126/science.1152509
http://dx.doi.org/10.1126/science.1152509
http://dx.doi.org/10.1111/gcb.13707
http://dx.doi.org/10.1007/s00338-010-0717-z
http://dx.doi.org/10.1007/s00338-010-0717-z
http://dx.doi.org/10.1890/15-1077
http://dx.doi.org/10.1016/j.jtbi.2010.12.022
http://dx.doi.org/10.1016/j.jtbi.2010.12.022
http://dx.doi.org/10.1098/rsos.160262
http://dx.doi.org/10.1098/rsos.160262
http://dx.doi.org/10.1007/s12080-010-0102-0
http://dx.doi.org/10.1007/s12080-010-0102-0
http://dx.doi.org/10.1890/1051-0761(2006)016[0747:TIOEGS]2.0.CO;2
http://dx.doi.org/10.1890/1051-0761(2006)016[0747:TIOEGS]2.0.CO;2
http://dx.doi.org/10.1073/pnas.1208909109
http://dx.doi.org/10.1073/pnas.1208909109
http://dx.doi.org/10.1007/s00338-009-0515-7
http://dx.doi.org/10.1007/s00338-009-0515-7
http://dx.doi.org/10.1890/0012-9658(2001)082[0319:IAACII]2.0.CO;2
http://dx.doi.org/10.1890/0012-9658(2001)082[0319:IAACII]2.0.CO;2
http://dx.doi.org/10.1890/06-2031.1
http://dx.doi.org/10.1111/j.1526-100X.2005.00087.x
http://dx.doi.org/10.1111/j.1526-100X.2005.00087.x
http://dx.doi.org/10.1890/08-1813.1

18.

19.

20.

21.

22,

2.

24,

25.

26.

27.

2.

29.

30.

31

32.

33

Racz EVP, Karsai J. 2006 The effect of initial
pattern on competitive exclusion. Community
Ecol. 7, 23-33. (doi:10.1556/ComEc.7.2006.1.3)
Silvertown J, Holtier S, Johnson J, Dale P. 1992
Cellular automaton models of interspecific
competition for space—the effect of pattern on
process. J. Ecol. 80, 527—-534. (doi:10.2307/
2260696)

Dieckmann U, Law R, Metz J (eds). 2000 The
geometry of ecological interactions: simplifying
spatial complexity. Cambridge, UK: Cambridge
University Press.

Lehman (L, Tilman D. 1997 Competition in
spatial habitats. In Spatial ecology: the role of
space in population dynamics and interspecific
competition (eds D Tilman, P Kareiva),

pp. 185—203. Monographs in Population
Biology. Princeton, NJ: Princeton University
Press.

van de Koppel J, Crain CM. 2006 Scale-
dependent inhibition drives regular tussock
spacing in a freshwater marsh. Am. Nat. 168,
E136—E147. (doi:10.1086/508671)

Pearson JE. 1993 Complex patterns in a simple
system. Science 261, 9—12. (doi:10.1126/
science.261.5118.189)

Gandhi A, Levin S, Orszag S. 1998 ‘Critical
slowing down’ in time-to-extinction: an
example of critical phenomena in ecology.

J. Theor. Biol. 192, 363—376. (d0i:10.1006/jtbi.
1998.0660)

Murrell DJ, Purves DW, Law R. 2001 Uniting
pattern and process in plant ecology. Trends
Ecol. Evol. 16, 529—-530. (doi:10.1016/50169-
5347(01)02292-3)

Karlson RH, Cornell HV, Hughes TP. 2007
Aggregation influences coral species richness at
multiple spatial scales. Ecology 88, 170—177.
(doi:10.1890/0012-9658(2007)88[ 170:AICSRA]2.
0.00;2)

Edwards C, Eynaud Y, Williams GJ, Pedersen NE,
Igliczynski BJ, Gleason AC, Smith JE, Sandin SA.
2017 Large-area imaging reveals biologically-
driven non-random spatial patterns of corals at
a remote reef. Coral Reefs 36, 1291-1305
(doi:10.1007/500338-017-1624-3)

Lewis J. 1970 Spatial distribution and pattern of
some Atlantic reef corals. Nature 227,
1158-1159. (doi:10.1038/2271158a0)
Raymundo LJ. 2001 Mediation of growth by
conspecific neighbors and the effect of site in
transplanted fragments of the coral Porites
attenuata Nemenzo in the Central Philippines.
Coral Reefs 20, 263—272. (doi:10.1007/
5003380100170)

Sandin SA, McNamara DE. 2011 Spatial
dynamics of benthic competition on coral reefs.
Oecologia 168, 1079—1090. (doi:10.1007/
500442-011-2156-0)

Gonzalez-Rivero M et al. 2017 Linking fishes to
multiple metrics of coral reef structural complexity
using three-dimensional technology. Sci. Rep. 7,
1-15. (doi:10.1038/541598-016-0028-x)

Ferrari R, Gonzalez-Rivero M, Mumby P. 2012
Size matters in competition between corals and
macroalgae. Mar. Ecol. Prog. Ser. 467, 77— 88.
(doi:10.3354/meps09953)

Tanner J. 1995 Competition between
scleractinian corals and macroalgae: an

34,

35.

36.

37.

38.

39.

4.

4.

43.

45.

47.

49,

experimental investigation of coral growth,
survival and reproduction. J. Exp. Mar. Biol. Ecol.
190, 151-168. (doi:10.1016/0022-
0981(95)00027-0)

Lirman D. 2001 Competition between
macroalgae and corals: effects of herbivore
exclusion and increased algal biomass on coral
survivorship and growth. Coral Reefs 19,
392-399. (doi:10.1007/5003380000125)
Harrington L, Fabricius K, De'ath G, Negri A.
2004 Recognition and selection of settlement
substrata determine post-settlement survival in
corals. Ecology 85, 3428—3437. (doi:10.1890/
04-0298)

Hoey AS, Bellwood DR. 2008 Cross-shelf
variation in the role of parrotfishes on the Great
Barrier Reef. Coral Reefs 27, 37—47. (doi:10.
1007/500338-007-0287-X)

Sale P, Douglas W. 1984 Temporal variability in
the community structure of fish on coral patch
reefs and the relation of community structure to
reef structure. Fcology 65, 409—422. (doi:10.
2307/1941404)

Ogden J, Brown R, Salesky N. 1973 Grazing by
echinoid Diadema antillarum Philippi: formation
of halos around West Indian patch reefs. Science
482, 715-717. (doi:10.1126/science.182.4113.
715)

Williams D, Polunin NVC, Hendrick VJ. 2001
Limits to grazing by herbivorous fishes and the
impact of low coral cover on macroalgal
abundance on a coral reef in Belize. Mar. Ecol.
Prog. Ser. 222, 187-196. (doi:10.3354/
meps222187)

Ott E. 1983 Chaos in dynamical systems.
Chicago, IL: Cambridge University Press.

(ai L-D. 1988 Some notes on repeated
averaging smoothing. In Pattern Recognition:
4th Int. Conf. Cambridge, UK, 28—30 March
1988 Proceedings, (ed. J Kittler), pp. 597 —605.
Berlin, Germany: Springer.

Lewis SM. 1986 The role of herbivorous fishes in
the organization of a Caribbean reef
community. £col. Monogr. 56, 183—200.
(doi:10.2307/2937073)

Sugihara G, May R. 1990 Nonlinear forecasting
as a way of distinguishing chaos from
measurement error in time series. Nature 344,
734—-741. (doi:10.1038/344734a0)

Parlitz U, Merkwirth C. 2000 Prediction of
spatiotemporal time series based on
reconstructed local states. Phys. Rev. Lett. 84,
1890-1893. (doi:10.1103/PhysRevLett.84.1890)
Grimes DJ, Cortale N, Baker K, McNamara DE.
2015 Nonlinear forecasting of intertidal
shoreface evolution. Chaos 25, 1-9. (doi:10.
1063/1.4931801)

Drossel B, Schwabl F. 1992 Self-organized
citical forest-fire model. Phys. Rev. Lett. 69,
1629-1632. (doi:10.1103/PhysRevLett.69.1629)
Rietkerk M, van de Koppel J. 2008 Regular
pattern formation in real ecosystems. Trends
Ecol. Evol. 23, 169—175. (doi:10.1016/j.tree.
2007.10.013)

Werner B. 1999 Complexity in natural landform
patterns. Science 284, 102—104. (doi:10.1126/
science.284.5411.102)

Liu QX, Rietkerk M, Herman PMJ, Piersma T,
Fryxell JM, Van De Koppel J. 2016 Phase

50.

51

52,

53.

54,

55.

56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

separation driven by density-dependent
movement: a novel mechanism for ecological
patterns. Phys. Life Rev. 19, 107-121. (doi:10.
1016/j.plrev.2016.07.009)

Chesson P, Neuhauser C. 2002 Intraspecific
aggregation and species coexistence. Trends
Ecol. Evol. 17, 210—-211. (doi:10.1016/50169-
5347(02)02482-5)

Rinkevich B. 1995 Restoration strategies for coral
reefs damaged by recreational activities: the use
of sexual and asexual recruits. Restor. Ecol. 3,
241-251. (doi:10.1111/1.1526-100X.1995.
th00091.x)

Chornesky EA. 1991 The ties that bind: inter-
clonal cooperation may help a fragile coral
dominate shallow high-energy reefs. Mar. Biol.
109, 41-51. (doi:10.1007/BF01320230)
Baums 1B, Miller MW, Hellberg ME. 2006
Geographic variation in clonal structure in a
reef-building Caribbean coral, Acropora Palmata.
Ecol. Monogr. 76, 503—519. (doi:10.1890/0012-
9615(2006)076[0503:GVICSI12.0.€0;2)

Connell JH, Hughes TP, Wallace CC. 1997 A 30-
year study of coral abundance, recruitment, and
disturbance at several scales in space and time.
Ecol. Monogr. 67, 461—488. (doi:10.1890/0012-
9615(1997)067[0461:AYSOCA]2.0.€0;2)

Hastings A, Higgins K. 1994 Persistence of
transients in spatially structured ecological
models. Science 263, 1992 1995. (doi:10.1126/
science.263.5150.1133)

Hastings A. 2004 Transients: the key to long-
term ecological understanding? Trends Ecol. Evol.
19, 39-45. (doi:10.1016/j.tree.2003.09.007)
Kareiva P, Wennergren U. 1995 Connecting
landscape patterns to ecosystem and population
processes. Nature 373, 299—302. (doi:10.1038/
373299a0)

Goldstein H. 1980 Classical mechanics. Reading,
MA: Addison-Wesley.

Kennel MB, Brown R, Abarbanel HDI. 1992
Determining embedding dimension for phase-
space reconstruction using a geometrical
construction. Phys. Rev. A 45, 3403-3411.
(doiz10.1103/PhysRevA.45.3403)

Lirman D, Gracias NR, Gintert BE, Gleason ACR,
Reid RP, Negahdaripour S, Kramer P. 2007
Development and application of a video-mosaic
survey technology to document the status of
coral reef communities. Environ. Monit. Assess.
125, 59-73. (doi:10.1007/510661-006-9239-0)
Hastings A. 2016 Timescales and the
management of ecological systems. Proc. Natl
Acad. Sci. USA 113, 14 568—14 573. (doi:10.
1073/pnas.1604974113)

Hastings A. 2010 Timescales, dynamics, and
ecological understanding. Ecology 91,
3471-3480. (doi:10.1890/10-0776.1)

Hughes T et al. 2003 Climate change, human
impacts, and the resilience of coral reefs.
Science 301, 929-933. (doi:10.1126/science.
1085046)

Cheal AJ, MacNeil MA, Emslie MJ, Sweatman H.
2017 The threat to coral reefs from more
intense cyclones under climate change. Glob.
(Change Biol. 23, 1511-1524. (doi:10.1111/gch.
13593)

Turner MG. 1989 Landscape ecology: the effect
of pattern on process. Annu. Rev. Ecol. Syst. 20,

" €0L181 9 s tado 205y sosyjeumol/Biobunsiqndfaanosiedor g


http://dx.doi.org/10.1556/ComEc.7.2006.1.3
http://dx.doi.org/10.2307/2260696
http://dx.doi.org/10.2307/2260696
http://dx.doi.org/10.1086/508671
http://dx.doi.org/10.1126/science.261.5118.189
http://dx.doi.org/10.1126/science.261.5118.189
http://dx.doi.org/10.1006/jtbi.1998.0660
http://dx.doi.org/10.1006/jtbi.1998.0660
http://dx.doi.org/10.1016/S0169-5347(01)02292-3
http://dx.doi.org/10.1016/S0169-5347(01)02292-3
http://dx.doi.org/10.1890/0012-9658(2007)88[170:AICSRA]2.0.CO;2
http://dx.doi.org/10.1890/0012-9658(2007)88[170:AICSRA]2.0.CO;2
http://dx.doi.org/10.1007/s00338-017-1624-3
http://dx.doi.org/10.1038/2271158a0
http://dx.doi.org/10.1007/s003380100170
http://dx.doi.org/10.1007/s003380100170
http://dx.doi.org/10.1007/s00442-011-2156-0
http://dx.doi.org/10.1007/s00442-011-2156-0
http://dx.doi.org/10.1038/s41598-016-0028-x
http://dx.doi.org/10.3354/meps09953
http://dx.doi.org/10.1016/0022-0981(95)00027-O
http://dx.doi.org/10.1016/0022-0981(95)00027-O
http://dx.doi.org/10.1007/s003380000125
http://dx.doi.org/10.1890/04-0298
http://dx.doi.org/10.1890/04-0298
http://dx.doi.org/10.1007/s00338-007-0287-x
http://dx.doi.org/10.1007/s00338-007-0287-x
http://dx.doi.org/10.2307/1941404
http://dx.doi.org/10.2307/1941404
http://dx.doi.org/10.1126/science.182.4113.715
http://dx.doi.org/10.1126/science.182.4113.715
http://dx.doi.org/10.3354/meps222187
http://dx.doi.org/10.3354/meps222187
http://dx.doi.org/10.2307/2937073
http://dx.doi.org/10.1038/344734a0
http://dx.doi.org/10.1103/PhysRevLett.84.1890
http://dx.doi.org/10.1063/1.4931801
http://dx.doi.org/10.1063/1.4931801
http://dx.doi.org/10.1103/PhysRevLett.69.1629
http://dx.doi.org/10.1016/j.tree.2007.10.013
http://dx.doi.org/10.1016/j.tree.2007.10.013
http://dx.doi.org/10.1126/science.284.5411.102
http://dx.doi.org/10.1126/science.284.5411.102
http://dx.doi.org/10.1016/j.plrev.2016.07.009
http://dx.doi.org/10.1016/j.plrev.2016.07.009
http://dx.doi.org/10.1016/S0169-5347(02)02482-5
http://dx.doi.org/10.1016/S0169-5347(02)02482-5
http://dx.doi.org/10.1111/j.1526-100X.1995.tb00091.x
http://dx.doi.org/10.1111/j.1526-100X.1995.tb00091.x
http://dx.doi.org/10.1007/BF01320230
http://dx.doi.org/10.1890/0012-9615(2006)076[0503:GVICSI]2.0.CO;2
http://dx.doi.org/10.1890/0012-9615(2006)076[0503:GVICSI]2.0.CO;2
http://dx.doi.org/10.1890/0012-9615(1997)067[0461:AYSOCA]2.0.CO;2
http://dx.doi.org/10.1890/0012-9615(1997)067[0461:AYSOCA]2.0.CO;2
http://dx.doi.org/10.1126/science.263.5150.1133
http://dx.doi.org/10.1126/science.263.5150.1133
http://dx.doi.org/10.1016/j.tree.2003.09.007
http://dx.doi.org/10.1038/373299a0
http://dx.doi.org/10.1038/373299a0
http://dx.doi.org/10.1103/PhysRevA.45.3403
http://dx.doi.org/10.1007/s10661-006-9239-0
http://dx.doi.org/10.1073/pnas.1604974113
http://dx.doi.org/10.1073/pnas.1604974113
http://dx.doi.org/10.1890/10-0776.1
http://dx.doi.org/10.1126/science.1085046
http://dx.doi.org/10.1126/science.1085046
http://dx.doi.org/10.1111/gcb.13593
http://dx.doi.org/10.1111/gcb.13593

66.

171-197. (doi:10.1146/annurev.es.20.110189.
001131)

Connolly SR, Hughes TP, Bellwood DR. 2017 A
unified model explains commonness and rarity
on coral reefs. Ecol. Lett. 20, 477-486. (doi:10.
1111/ele.12751)

67.

68.

Roff G, Mumby P. 2012 Global disparity in the
resilience of coral reefs. Trends Ecol. Evol. 27,
404-413. (d0i:10.1016/j.tree.2012.04.007)
Carlson D, Olson R. 1993 Larval dispersal
distance as an explanation for adult spatial
pattern in two Caribbean reef corals. J. Exp.

69.

Mar. Biol. Ecol. 173, 247-263. (d0i:10.1016/ m

0022-0981(93)90056-T)

Gallien L. 2017 Intransitive competition

and its effects on community functional
diversity. Oikos 126, 615—623. (doi:10.1111/
0ik.04033)

‘sosyjewnol/Buo Buysiigndiaanosjefos

Eouglgmuado)osy


http://dx.doi.org/10.1146/annurev.es.20.110189.001131
http://dx.doi.org/10.1146/annurev.es.20.110189.001131
http://dx.doi.org/10.1111/ele.12751
http://dx.doi.org/10.1111/ele.12751
http://dx.doi.org/10.1016/j.tree.2012.04.007
http://dx.doi.org/10.1016/0022-0981(93)90056-T
http://dx.doi.org/10.1016/0022-0981(93)90056-T
http://dx.doi.org/10.1111/oik.04033
http://dx.doi.org/10.1111/oik.04033

	Influence of aggregation on benthic coral reef spatio-temporal dynamics
	Introduction
	Methods
	Spatially explicit reef benthic model
	Aggregation
	Pathway characterizations
	Herbivory scenarios
	Characterizing underlying dynamics (linear versus nonlinear)

	Results
	Discussion
	Data accessibility
	Authors’ contributions
	Competing interests
	Funding
	Acknowledgements
	References


