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1 ABSTRACT 23 

 24 

Projecting ecosystem trajectories under future climates is critical for conservation planning, 25 

yet remains constrained by uncertainty arising from limited data, ecological complexity, and 26 

biological and environmental variability. Variability, when disentangled from uncertainty, 27 

offers critical insights into population and community dynamics. For example, enhanced vital 28 

rates (growth, survival, fecundity) can enable faster population recovery, while 29 

environmental variability provides spatial refuges and ecological niches. Here, we integrated 30 

vital rate data from ~10,000 coral colonies across environmental gradients on the Great 31 

Barrier Reef (GBR) into a metacommunity model to project coral trajectories to 2100. 32 

Variability in coral-cover trajectories was explored as a function of (i) vital rates, (ii) spatial 33 

scales (from within-reefs to across regions), and (iii) future climate scenarios (represented by 34 

three Shared Socioeconomic Pathways, SSPs, informed by an ensemble of downscaled 35 

Global Climate Models, GCMs). Climate scenarios explained the greatest variance in coral-36 

cover trajectories, with all spatial scales (across sites, reefs and regions) contributing 37 

substantial additional variance. Coral cover declined over the century under all emissions 38 

scenarios except SSP1-2.6 (warming <2°C), despite modelling increasing population thermal 39 

tolerance through natural selection. This decline was accompanied by a drastic loss of 40 

variability in coral-cover trajectories across all spatial scales, signalling reduced scope for 41 

natural adaptation, traditional management and restoration. By the end of the century, 42 

variability across GCMs also declined, leading to higher certainty about long-term reef state, 43 

i.e. coral collapse, than certainty about the near-term, should global emissions follow 44 

moderate-to-high pathways. 45 

 46 

Keywords: Bayesian, coral reef, demography, ecological modelling, mechanistic modelling,  47 

metapopulation, metacommunity 48 

 49 

2 INTRODUCTION 50 

The field of ecology is increasingly asked to forecast the consequences of climate change 1–3. 51 

Major challenges lie in projecting outside of the envelope of historical variation and 52 
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empirical observations, alongside the complexity of processes governing individuals, 53 

populations and metacommunities across spatial scales 3. Integrative frameworks that 54 

incorporate empirical data into mechanistic process-based models are needed 4–7. With 55 

mechanistic modelling, predictions can be understood in relation to the underlying processes 56 

that generated them 8. 57 

Uncertainty, arising from many sources, including data limitations, incomplete understanding 58 

and simplification of complex ecological processes, is inherent in ecological forecasting 2. 59 

Distinct from this uncertainty is variability that may be disentangled and explained by 60 

environmental gradients or biological attributes 9. For example, linking biophysical 61 

variability across spatial 10,11 and temporal 12,13 scales to demographic variability (and 62 

uncertainty) 14,15 provides insight into expected community dynamics under future 63 

environmental conditions and management scenarios. Furthermore, differences in vital rates 64 

and genetic variation afford some individuals an advantage over others in a population 16–18, 65 

while environmental variability creates spatial refuges 19,20 that help sustain ecosystems 21.  66 

Modelling of coral reef futures 22–25 project dramatic losses of coral cover if greenhouse gas 67 

emissions are not curbed. Such projections have been essential for illustrating the 68 

consequences of warming oceans and exploring how management or active intervention may 69 

shift the outlook for corals 26–28. However, the complex demography underlying the dynamics 70 

of complex ecosystems remain difficult to resolve. The resilience of coral reefs depends on 71 

the growth, survival and fecundity (vital rates) of individual corals, dispersal of larvae across 72 

the wider metacommunity, and local exposure to disturbance regimes. Empirical ecological 73 

data have been limited in their capacity to capture this complexity, particularly regarding 74 

coral vital rates that depend on coral size, morphology, taxa and environmental conditions 75 

18,29,30. Recent technological advances—including photogrammetry 31 for quantifying vital 76 

rates 32–34, satellite-based mapping 35,36, fine-scale connectivity modelling 37,38 and 77 

downscaled global climate models 39—have increased the resolution at which is it possible to 78 

project reef futures. 79 

Here we integrated the largest empirical datasets on coral demography for the Great Barrier 80 

Reef 40,41 into a spatially-explicit metacommunity modelling framework, C~scape. 81 

Navigating the trade-offs between model generality, realism and precision 42, C~scape was 82 

developed to occupy a middle ground—prioritising a mechanistic representation of the coral 83 
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life cycle and the ecological processes governing disturbance dynamics to generate numerical 84 

projections of coral trajectories under different scenarios. We developed an approach to 85 

propagate colony-level vital rates (and their uncertainty) through to the population-, 86 

community- and metacommunity43 level, projecting coral-cover trajectories across local to 87 

regional scales to the year 2100 under climate change. This included capacity for coral 88 

populations to adapt to increasing heat stress through selection of heat tolerance. We 89 

characterised and attributed variability in projected coral-cover trajectories to three sources -- 90 

(i) vital rates, (ii) spatial context (site, reef and geographic region), and (iii) future climate 91 

scenarios -- disentangling these from residual uncertainty. We illustrate the potential 92 

influence of (i) to (iii) with a simplified ‘representative reef’, before conducting four case 93 

studies for reefs in the offshore northern, central, and southern regions of the Great Barrier 94 

Reef. We applied ten downscaled global climate models across three greenhouse gas 95 

emissions scenarios (Shared Socioeconomic Pathways, SSPs) and used variance partitioning 96 

to investigate temporal changes in the factors underlying variability in coral-cover 97 

trajectories.  98 

  99 
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3 RESULTS 100 

We developed a workflow (Figure 1) to scale information from empirical observations of 101 

vital rates at the colony level observed across environmental gradients, into site-specific 102 

trajectories of coral metacommunity dynamics across reefscapes. The C~scape 103 

metapopulation modelling framework presented by Cresswell et al. (2024) was further 104 

developed to incorporate demographic variability (differences in vital rates across 105 

environmental gradients) and uncertainty in estimated vital rates. Bayesian regressions of 106 

coral growth and survival data for distinct coral types as a function of colony size (planar 107 

area), local environmental conditions including wave exposure and seabed ‘waterflow 108 

intensity’ (root mean squared horizontal velocity amplitude 45, Table S2), and regional 109 

context. Integral Projection Models (IPMs) were then used to synthesise this information with 110 

fecundity and recruitment and acted as the engine to project annual changes in coral 111 

metacommunities in the C~scape framework. Acute disturbances —thermal stress, cyclones, 112 

and Acanthaster (COTS) outbreaks— can impact the coral populations in any given year, 113 

killing a proportion of colonies according to empirically derived disturbance-mortality 114 

functions 44. Cross-generational heritability of thermal tolerance allowed some adaptation to 115 

increasingly frequent and intense thermal stress events under climate change (Fig. S30, S31).  116 

In the present study we have focussed on projections of total coral cover (the most common 117 

metric used in reporting coral reef state) by converting the size frequency distribution of 118 

simulated corals to cover and summing across functional types. Future work should focus on 119 

the projections of size structure, community composition and functional diversity.  120 
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 121 

 122 

Figure 1. Schematised framework for scaling demography across spatial hierarchies into spatially explicit 123 
metacommunity projections under climate change. The workflow involves (a) collecting or collating empirical 124 
data across environmental gradients both within and among reefs for multiple types of coral (here, six, see 125 
Table S1); (b) analysing this empirical data across coral size, taxa and environmental or spatial covariates. (c) 126 
statistical regression models predict growth and survival and (d) a Bayesian framework tracks uncertainty in 127 
estimated vital rates. (e) Predictions are integrated with information on early life history to build site-specific 128 
integral projection models through which uncertainty in estimated vital rates can be propagated to population 129 
change. (f) Coral population and community growth are projected accounting for finite coral habitat and 130 
competition for space as a resource. (g) Disturbance-mortality functions are used to simulate site-specific 131 
disturbance regimes, (h) fine-scale hydrodynamic and particle tracking modelling allows simulation of larvae 132 
dispersal and links populations to metapopulations. (i) metacommunity trajectories are projected under 133 
different disturbance scenarios or climate futures.  134 

 135 

 136 

 137 
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3.1 Demographic variability and uncertainty in estimated vital rates 138 

We identified six coral types with sufficient vital rate data to build IPMs describing growth 139 

and survival across environmental and spatial gradients: tabular Acropora, 140 

corymbose/digitate Acropora, spawning Pocillopora, brooding Pocilloporidae, 141 

Goniastrea/Platygyra, and massive Porites. Vital rates were estimated from 9,621 colonies 142 

tracked over an approximate annual periods between 2021 and 2022 across three GBR 143 

regions (north, central and south, Fig. S4). We investigated ‘demographic variability’, that is, 144 

differences in growth and survival across coral size, taxa, and environment (Figure 2b,c, Fig. 145 

S15), as well as the ‘uncertainty in estimated vital rates’ via Bayesian posterior sampling 146 

(Figure 2d, Fig. S18). Additional results and interpretation are provided in Appendix 3.  147 

Clear differences in vital rates were evident across taxa, with initial colony size (planar area) 148 

being the primary predictor of growth and survival rates (Figure 2b, S15). The influence of 149 

depth, waterflow, and region on growth was minor compared to size, but these covariates 150 

showed taxa-dependent influences on growth and/or survival, Figure 2c, Fig. S15, S16, S17). 151 

For example, growth declined with depth for tabular Acropora, Goniastrea/Platygyra, and 152 

massive Porites (80% HPDI excludes zero, Fig. S15). Brooding Pocilloporidae had lower 153 

survival at greater depth (80% HPDI, Fig. S15). Demographic trade-offs were evident in 154 

some cases where depth and/or wave exposure had contrasting effects on growth and 155 

survival. Tabular Acropora, for instance, grew faster but had lower survival at sites with high 156 

waterflow intensity. In contrast, both growth and survival declined with depth in this group 157 

(Fig. S15). With the Bayesian framework we addressed the uncertainty in estimated vital 158 

rates across posterior draws (Figure 2d, Fig. S18).  159 
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Figure 2. Representative reefs demonstration of vital rate propagation through coral-cover projections (a) 162 
Schematic of the ‘representative reefs’, where four sites were characterised by contrasting depths and 163 
waterflow intensities (see Table S3). (b-d) Vital rates of growth (top row) and survival (bottom row) regression 164 
predictions marginalised across Great Barrier Reef (GBR) regions. These are plotted as a function of diameter 165 
(for ease of interpretation) but were modelled as ln(colony area). Predictions are show for (b) each coral type 166 
for site 1 ‘shallow-low flow’, (c) tabular Acropora for each of the four sites, and (c) tabular Acropora for site 1, 167 
including 200 posterior draws. (e–f) show C~scape model trajectories over a 50-year period, for the case when 168 
the representative reef was simulated for the southern, central, and northern GBR regions (columns) under an 169 
artificial disturbance regime (see Table S3). (e) Coral-cover trajectories for the four sites informed by the 170 
median of 8000 posterior draws (i.e. excluding uncertainty in estimated vital rates). (f) Coral-cover trajectories 171 
for site 1 only (grey line in e), where each of 200 narrow lines is a separate simulation in C~scape, where each 172 
sampled an individual posterior draw from the Bayesian regressions for growth and survival. 173 

 174 

3.2 Propagating vital rates to coral-cover trajectories across local and regional 175 

scales: representative reefs 176 

Integrating these taxa-, size- and environment-dependent vital rates into the C~scape 177 

framework allowed synthesis of the interacting factors that influence coral-cover trajectories.  178 

In these artificial scenarios, the goal was to isolate the effects of demographic variability 179 

(size-, taxa-, or environment-driven differences) and uncertainty in estimated vital rates on 180 

coral-cover projections. Therefore, other parameters were kept constant, i.e., coral habitat z 181 

Projections of coral-cover trajectories over a 50-year period for the representative reef 182 

simulated in each of the north, central and southern regions of the GBR with intermittent 183 

acute thermal stress events (Table S3) showed emergent differences in the coral-cover 184 

trajectories.  185 

The trajectories of coral cover differed with region and sites (columns and coloured lines, 186 

Figure 4e). The fastest increases in coral cover were predicted in the north GBR scenario, 187 

followed by the central and south regions. In the initial undisturbed decades, coral cover after 188 

20 years in the shallow sites of the northern region reached ~50%, while in the south it 189 

reached ~30% (Figure 2e). Deep sites exhibited slower rates of increasing coral cover than 190 

shallow sites but were returned to similar coral cover by the disturbances. The deep sites 191 

registered less disturbance impact, likely reflecting a combination of differing community 192 

composition and coral-type susceptibility, and their depth affording some mitigation of 193 

temperature stress (as governed by the bleaching mortality function, Fig. S29). 194 

By running replicate scenarios (200 times), each time sampling an individual posterior draw 195 

from each of the growth and survival regressions, we propagated uncertainty through the 196 

coral-cover projections. Figure 2f shows the resulting trajectories, while Figure 2e used the 197 
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median vital rates. Substantial uncertainty in coral cover emerged, even within individual 198 

sites, and increased with time since disturbance for all regions and sites (Figure 2e).  199 

 200 

3.3 Coral-cover trajectories across local and regional scales: GBR case studies 201 

Investigations with the representative reefs established that substantial variability in total 202 

coral-cover projections can theoretically arise from demographic variability across 203 

environmental gradients and uncertainty in estimated vital rates. Further complexities exist on 204 

real reefs, including heterogeneity in reef terrain and habitat availability, connectivity 205 

between populations, environmental gradients, and the timing and intensity of acute 206 

disturbances 44. With four case studies, ‘clusters’ comprising 5-9 reefs each, we investigated 207 

whether the patterns identified in the representative reefs would also emerge in real reefs. 208 

Two case studies were conducted in the northern GBR (Lizard Island Cluster and Moore Reef 209 

Cluster), and one in each of the central (Davies Reef Cluster) and southern (Heron Island 210 

Cluster) regions. Each cluster was partitioned into 272-583 sites utilising high-resolution 211 

geomorphic and benthic composition habitat maps to define the reef extent and the habitat 212 

availability for corals 35,44 (Fig. S4, S5). 213 

The primary goal of this work was not to precisely replicate every historical data point, but 214 

rather to represent the emergent system processes and behavioural dynamics underpinning 215 

ecosystem dynamics 42,46. We compared empirical observations from the Australian Institute 216 

of Marine Science Long-term Monitoring Program AIMS LTMP, 47 from both fixed-position 217 

phototransect sites and reef perimeter manta-tow surveys against hindcast model trajectories 218 

(2008-2024) (14 reefs with monitoring data available, Figure 3, Fig. S20). Visual assessment 219 

suggested that simulations reasonably reproduced observed patterns of impact and recovery 220 

from acute (Figure 3, Fig. S20). Quantitative assessment corroborated this assessment; the 221 

global pooled Spearman’s rank correlations of 0.50 (manta-tow) and 0.49 (phototransects) 222 

indicated that the model on average captured the timing of downturns and recovery phases. 223 

Trend alignment was strongest within the Davies and Heron clusters, where pooled 224 

Spearman’s correlations reached 0.77 and 0.66 respectively (phototransects), while the 225 

Moore cluster exhibited the poorest alignment (pooled Spearman’s < 0.20; phototransects). 226 

This varied further at the reef level, with some correlations high, i.e. >0.90 for No Name, 227 

North Direction, Carter, and Macgillivray reefs and others poor, for example Moore and 228 

Yonge reefs. Absolute deviation was relatively low, with a global Root Mean Square Error of 229 
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approximately 13.5%, although this also varied between the clusters and reefs, the lowest 230 

absolute deviation was observed in the Moore and Davies clusters (pooled RMSE < 10%), 231 

whereas the Heron cluster showed the highest deviation (pooled RMSE > 23%). The pooled 232 

Percent Bias was low for manta-tow data (-2.3%), while that for the phototransects (-17.3%) 233 

suggested an underestimation by the model, which would be expected given the 234 

phototransects target the northern leeward reef slope where coral cover is generally high 235 

relative to other habitats. Model projections underestimated peak coral cover values obtained 236 

on southern reefs due to extremely fast recovery trajectories in recent years (e.g., One Tree 237 

Reef and Wreck Island reef) (Figure 3).  238 

The model simulates a larger spatial area and numerous sites relative to the scope of the 239 

empirical surveys. Therefore, these monitoring data provide a spatially restricted benchmark 240 

to verify the integrity of simulated site-scale hindcasts. We deemed model performance 241 

acceptable in capturing the system sensitivity to acute disturbances and the subsequent rate of 242 

recovery dictated by the mechanisms in the C~scape model.  243 

 244 
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 245 

Figure 3. Evaluation of C~scape hindcast trajectories of total coral cover (%) against empirical monitoring 246 
data. Trajectories from C~scape are shown for individual sites (blue lines) for two reefs within the four case 247 
study clusters that had data from the Australian Institute of Marine Science Long-Term Monitoring Program 248 
(AIMS LTMP) available for comparison, subset for those sites in the 'slope' or 'sheltered slope' geomorphic 249 
zones. Lizard Island Cluster and Davies Reef Cluster had additional LTMP reefs shown in Fig. S20. The right-250 
hand panel shows an example map of one of the reefs in the year 2024 with the colour gradient showing total 251 
coral cover. Data from the AIMS LTMP are shown from fixed-position phototransects (black lines) and manta 252 
tow surveys (grey lines). LTMP fixed-position photo transect data are from three sites on the leeward north-east 253 
slope of the reefs. In contrast, LTMP manta tow surveys provide estimates from around the reef perimeters, 254 
targeting the reef slope. While manta tow surveys are less accurate than fixed-position phototransects, they 255 
offer broader spatial information across the reef. The Root Mean Square Error (RMSE) is shown for the 256 
comparison of model trajectories to manta tow and phototransects in the top left of each panel, see Appendix 257 
3.3 for further quantitative evaluation.  258 

 259 
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3.4 Projecting reef futures under climate change 260 

We used Shared Socioeconomic Pathways SSPs, 48 to represent different greenhouse-gas 261 

emissions pathways. To characterise the thermal stress associated with these pathways, we 262 

selected 10 Global Climate Models (GCMs) see 25 and investigated the resulting variability in 263 

projected coral cover across SSPs and GCMs to 2100 (Table S4). Each GCM provided a 264 

deterministic thermal-stress trajectory (input to C~scape as annual maximum Degree Heating 265 

Weeks, DHW). Stochasticity in thermal stress timing was introduced by shuffling decadal 266 

DHW sequences to generate 20 disturbance ‘realisations’ for each GCM see 25. This resulted 267 

in 600 simulations for each of the four case studies and a hierarchy of climate, spatial and 268 

demographic influences (Figure 4a). 269 

The projections, when averaged for each SSP scenario, showed ocean warming to reduce 270 

coral cover to varying extents. By the end of the century, an average of ~10% coral cover 271 

remained under the most optimistic emissions pathway (SSP1-2.6), whereas coral cover was 272 

<5% under SSP2-4.5, and zero under the high-emissions pathway (SSP3-7.0) (Figure 4a, Fig. 273 

S22). The C~scape framework accounts for natural selection of thermal tolerance and we 274 

found that the recurring heat stress events led to an increase in the heat stress that the coral 275 

community would survive (Fig, S24), but not enough to halt the decline of coral cover, in line 276 

with findings by 24,25. 277 

 278 

The magnitude of the projected reduction in coral cover varied across case studies (Figure 4b, 279 

Fig. S23). The Moore Reef Cluster (northern GBR) exhibited the greatest capacity to 280 

maintain coral cover towards the end of the century, and Davies (central) and Heron Reef 281 

Cluster (southern) the least (although these differences did not persist under the high 282 

emissions pathway (SSP3-7.0), where coral cover was near zero for all clusters, Fig. S22).  283 

Variability in coral-cover trajectories was also evident across the 200 future climate scenarios 284 

(10 GCMs and 20 disturbance realisations) per SSP (Moore Reef Cluster, SSP2-4.5: Figure 285 

4c; all clusters: Fig. S23). High site-scale variability in coral trajectories also emerged (Figure 286 

4d, 1/200 trajectories shown in Figure 4c) from the demographic variability across local site 287 

conditions alongside other influences such as connectivity and coral habitat availability 44.  288 

Running numerous posterior draws from the vital rate posteriors was computationally 289 

intensive, so this was carried out under a single GCM realisation; Figure 4e and Fig S23 290 
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showed that substantial variability in projected coral cover arose from uncertainty in 291 

estimated vital rates. 292 

 293 
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 294 

Figure 4. Hierarchical decomposition of coral-cover projections and associated variability across spatial and 295 
climate scales. The top panel illustrates the sources of variability and uncertainty assessed in this study, with 296 
numbers indicating the levels considered and letters linking to panels (a)–(e), which present simulated total 297 
coral-cover trajectories from 2008 to 2100 as projected by the C~scape modelling framework. (a) Coral cover 298 
for three Shared Socioeconomic Pathways (SSPs), averaged across all sites, case studies, Global Climate 299 
Models (GCMs) and GCM  realisations. (b) Coral cover for SSP2-4.5 across the four case studies. (c) Moore 300 
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Reef Cluster (North GBR) under SSP2-4.5 showing 200 future climate trajectories (light grey lines; 10 GCMs × 301 
20 realisations). Dark grey lines show the mean trajectory for each GCM, gold shows the grand mean, and the 302 
black line highlights a single realisation from MRI-ESM2-0 selected for further examination. (d) The MRI-303 
ESM2-0 realisation decomposed across spatial scales: black shows the overall case study mean (334 sites), 304 
light blue shows each site, dark blue shows reef-level means, and orange highlights a representative (median) 305 
site. (e) Trajectories for that representative site based on 200 replicate simulations (light orange lines), each 306 
sampling a posterior draw (out of 8000) from the Bayesian regressions describing coral vital rates. Dark 307 
orange line is the projection run using the median of the Bayesian posterior draws. Greyscale tiles show the 308 
magnitude of the mean annual maximum degree heating week (DHW) in the climate scenario of d) and e). 309 

 310 

 311 

 312 

3.5 Variability in coral cover is eroded under climate change  313 

Variance partitioning analysis using linear mixed-effects models allowed identification of the 314 

influence of spatial context (site, reef and geographic region), future climate scenarios and 315 

uncertainty in estimated vital rates on coral-cover trajectories. A pooled analysis of data from 316 

the full forecast simulation period (2025–2100) indicated that after the residual (unexplained) 317 

variance, GCM explained the most variance, followed closely by SSP (Figure 5a). Region 318 

and site identity also explained relatively high proportions of variance, with slightly less at 319 

the reef level (Figure 5a). 320 
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321 

 322 

 323 

Figure 5. Variance partitioning of coral-cover projections. (a) Variance partitioning (pooled analysis) for the 324 
full forecast simulation period (2025–2100) and all Shared Socioeconomic Pathways (SSPs). Bars represent the 325 
Standard Deviation (SD) in coral cover attributed to each component, ordered by magnitude. The residual 326 
represents unexplained variance not captured by the random effects. (c) Pooled analysis of variance targeting 327 
the inclusion of uncertainty in estimated vital rates (conducted for SSP4.5, GCM MRI-ESM2-0, single 328 
realisation). The posterior draw component represents the variance in coral-cover projections resulting from 329 
uncertainty in the estimated growth and survival vital rates, compared against the spatial hierarchy (Region, 330 
Reef, Site). (b) and (d) show temporal trajectories of variance obtained by fitting independent mixed-effects 331 
models to each SSP x year subset of the same data in (a) and (c) respectively. To facilitate the interpretation of 332 
multi-year trends, trajectories are presented as a 3-year central rolling mean of the annual SD (coral cover %). 333 
The vertical dashed line at 2024 indicates the transition from the hindcast to the forecast. 334 

 335 

 336 
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Temporal variance partitioning analysis showed that the magnitude of these variance 337 

components shifted as the century progressed (Figure 5b). The major differences between 338 

SSPs emerged in the second half of the century (Figure 5a). As expected, variance associated 339 

with GCMs emerged immediately in the transition from hindcast to forecast (Figure 4c, 340 

Figure 5b). Under the low-emissions pathway (SSP1-2.6) GCM variance remained high, 341 

indicating uncertainty in the projections of coral cover across the climate model ensemble. 342 

Variance associated with spatial factors also remained elevated or increased in the final 343 

decades under SSP1-2.6, reflecting divergent recovery trajectories in the second half of the 344 

century (Figure 5, Fig. S22). However, under the high-emissions pathway (SSP3-7.0), and to 345 

a lesser extent under the middle-of-the-road scenario (SSP2-4.5), variance was compressed 346 

towards zero, tracking the convergence of coral-cover trajectories towards zero coral cover 347 

(Figure 5) and suggesting higher certainty in a collapsed reef state. 348 

Uncertainty in estimated vital rates was not included in the main variance partitioning 349 

analysis due to computational constraints; instead, we processed 200 posterior draws for one 350 

climate trajectory (SSP4.5, MRI-ESM2-0, single realisation) across the four case studies 351 

(Figure 5c,d). Variability in coral-cover trajectories across posterior draws was reduced 352 

towards the end of the century (Figure 5d), particularly when high disturbance frequency 353 

prevented coral cover from diverging (Figure 4e, Fig. S23). However, some posterior draws 354 

retained potential for rapid recovery in the final decades (Figure 4e, Fig. S23). Variance 355 

attributed to posterior draws (Figure 5c,d) was relatively low compared to spatial factors.  356 

  357 
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4 DISCUSSION 358 

Making informed ecosystem projections under future climates, for which  ecosystem 359 

responses are uncharted territory, is a complex challenge. By integrating empirical 360 

measurements of vital rates through the C~scape mechanistic modelling framework, we 361 

scaled demography into spatially explicit metacommunity projections under climate change. 362 

Demographic variability, uncertainty in vital rates, spatial and environmental context and 363 

future climate scenarios all drove variability in the projections of coral-cover trajectories. 364 

Seemingly minor differences in vital rates propagated through coral-cover trajectories, 365 

generating ecologically meaningful shifts in trajectories and producing spatial variability both 366 

within and among reefs and regions, pointing to the potential for demographic buffering 49,50. 367 

Some sites and regions consistently maintained higher cover, exhibited faster population 368 

growth, or experienced lower disturbance impacts, which has also been observed empirically 369 

18,51–53.  370 

Across 600 simulations spanning three Shared Socioeconomic Pathways (SSPs), there was 371 

high variability in coral-cover trajectories for the GBR case studies. The choice of GCM used 372 

to inform projections created substantial variability in coral-cover trajectories, representing 373 

the largest source of variance in the forecasts (Figure 5). This highlights both the uncertainty 374 

in projections due to climate uncertainty, and the strong role of thermal stress in shaping coral 375 

reef futures. However, under the higher-emissions pathways (SSP2-4.5 and 3-7.0), the 376 

intensity and frequency of thermal stress narrowed the variance in coral cover towards zero 377 

across GCMs in the late century. This occurred despite incorporating the capacity for 378 

increasing thermal tolerance in the coral populations via natural selection (Fig. S24, S31). 379 

Both average coral cover, and variability in coral-cover trajectories across simulations, were 380 

compressed toward zero as the century progressed, consistent with recent GBR-wide 381 

modelling 25. This indicates high confidence in a major loss of coral cover by the end of the 382 

century under all but the lowest emissions pathway (SSP1-2.6, warming <2°C). In other 383 

words, our results fall within a rare space where there is greater certainty about long-term 384 

states (i.e. collapse) than near-term trajectories, should global emissions follow moderate-to-385 

high pathways. However, these findings must be interpreted within the bounds of our 386 

modelling framework (see assumptions and limitations Appendix 5). 387 

Crucially, the contraction of variability in coral-cover trajectories permeated multiple levels 388 

of the hierarchy (Figure 4a). Under the high-emissions scenarios, the temporal reduction in 389 
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variance attributed to vital rates, spatial scales, and climate scenarios can be explained by the 390 

increasing frequency and intensity of marine heatwaves and associated bleaching mortality 391 

toward the end of the century. High intensity bleaching events repeatedly ‘reset’ the 392 

community to low coral cover, while high frequency leaves insufficient time for 393 

environment-driven demographic differences to manifest during recovery 54,55. When 394 

disturbances were less frequent (e.g. in the representative reefs investigations and under 395 

SSP1-2.6), substantial variability in coral-cover trajectories emerged from small differences 396 

in vital rates. This supports findings that even small differences in coral growth rates can 397 

translate into large differences in population recovery trajectories (fig. 3, 56). Although we did 398 

not explicitly disentangle intra-population variability from uncertainty in the estimated vital 399 

rates, genetic and physiological differences among individuals might have contributed to the 400 

observed posterior uncertainty. If so, it would be plausible to expect that some traits are likely 401 

to persist longer or contribute to more rapid recovery under repeated disturbances, offering 402 

avenues for management, restoration, and adaptive responses 17,57. Partitioning such 403 

individual-level effects from measurement or model uncertainty would require multi-year 404 

demographic datasets with repeated measures of identical colonies to isolate persistent 405 

individual traits from interannual variability. This would help guide the choice of taxa and 406 

traits for restoration initiatives. While we captured uncertainty in coral growth and survival, 407 

the complex roles of early life history of biophysical connectivity processes are not fully 408 

resolved due to data limitations (Appendix 5) and better characterisation of coral early life 409 

history processes is urgent 16. 410 

Further implications for conservation and management lie in the spatial variability explored 411 

in this study. We found high variance in the projections of coral cover explained by region 412 

(north, central, south GBR), reef and site identity (Figure 5). Such spatial variability (across 413 

100s m to 100s km) represents a combination of vital rates and coral community composition 414 

varying with local conditions, larval supply connectivity, available habitat and exposure to 415 

thermal stress. These factors collectively shape population resilience through both resistance 416 

and recovery potential 49. The spatial variability we identified in the near-term decades, and 417 

that persisting under SSP1-2.6, is generally consistent with previous regional-scale studies 418 

identifying thermal refugia under moderate warming scenarios 20,59–62 which are eroded under 419 

high emissions scenarios. Under the low-emissions scenario, we projected high variability in 420 

coral-cover trajectories in the near term across spatial scales and found the loss of variability 421 

in coral cover was not spatially uniform, with the northern GBR retaining higher variability 422 
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for longer. Such refugia can retain taxonomic and genetic diversity important for future 423 

recovery 25,63. Our results show a cross-scale contraction of spatial variability as the century 424 

progressed, which would limit the capacity for natural recovery, natural or assisted 425 

adaptation, and options for management and restoration approaches that depend on remnant 426 

healthy populations as larval sources 64,65. 427 

Interpreting future ecosystem projections requires confronting uncertainty in both climate 428 

trajectories and biological responses. Disentangling variability from uncertainty, and 429 

attributing it to factors such as demographic variability and spatial context 9, helps identify 430 

where opportunities exist to improve ecosystem outlooks and target management effort. Here 431 

we have demonstrated a framework for propagating information from individuals to 432 

populations and communities, with a strong multi-scale spatial component central to both the 433 

approach and its management implications. While this study focused on total coral cover, 434 

future applications should investigate coral composition and size structure to inform on the 435 

relative roles of different taxa, sizes and life stages. Disentangling the effects of demographic 436 

variability across environments on population and metacommunity performance is 437 

foundational to identifying what properties characterise resilient reef locations. Our findings 438 

support the need for a strong spatial component in all management and restoration efforts 439 

including at the sometimes overlooked ‘site’ scale. However, the spatial variability 440 

underpinning opportunities for management and intervention collapsed under high-emissions 441 

scenarios towards the end of the century. While future coral reef state remains uncertain due 442 

to processes not captured here (Appendix 5), our projections occupy a rare space where 443 

certainty about long-term state exceeds certainty about near-term trajectories in the case 444 

global emissions follow moderate-to-high pathways, with the variance across the global 445 

climate model ensemble reducing to zero under SSP3-7.0. Management efforts to curtail 446 

global coral loss towards the end of the century will be largely ineffective unless emissions 447 

are kept within the bounds of the increasingly unlikely SSP1-2.6 pathway. 448 

  449 
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5 METHODS 450 

5.1 Overview 451 

This study advanced the C~scape metacommunity modelling framework 44, which combines 452 

coral demography with heterogenous environmental conditions within and between reefs to 453 

simulate spatially explicit coral metacommunity dynamics (Fig. S27). Key developments 454 

include expanding to six distinct coral types informed by GBR demographic data, the 455 

incorporation of environmental covariates to predict site-specific vital rates, methodology to 456 

propagate individual-level uncertainty through projections, and projections of coral-cover 457 

trajectories under future climate considering the capacity of corals to show some adaptation 458 

to thermal stress via natural selection.  459 

C~scape partitions reefs into numerous spatial units which form a mosaic of ‘site’ polygons. 460 

This partitioning is informed by high resolution maps of reef geomorphic zonation and 461 

bathymetry. Conditions are assumed to be homogeneous within each site, but variable 462 

between sites. A community composed of six distinct coral types is simulated at each site, 463 

with each represented as a population structured across 100 size classes and three discrete life 464 

stages (eggs, larvae, and settlers). Population growth is modelled using Integral Projection 465 

Models (IPMs), which capture size-specific vital rates (growth, survival and fecundity). 466 

Growth and survival were derived from Bayesian regressions informed by ~10,000 annual 467 

measurements of coral colony growth and survival across gradients of the Great Barrier Reef 468 

(GBR). Depth, seabed ‘waterflow intensity’, and geographic region were included as 469 

covariates in these regressions, allowing growth and survival to vary according to site-470 

specific characteristics rather than remaining uniform across reefs. 471 

To simulate community-level interactions, density dependence is integrated using ordinary 472 

differential equations, such that as space becomes limiting, the growth rate of all coral types 473 

decreases 44. Each site is modelled independently, but sites are linked into a broader 474 

metacommunity via the dispersal of larvae. This larval transport is governed by connectivity 475 

matrices. 476 

Acute disturbances —thermal stress, cyclones, and Acanthaster (COTS) outbreaks— occur in 477 

any given year, killing a proportion of colonies according to empirically derived disturbance-478 

mortality functions 44. Cross-generational heritability of thermal tolerance was incorporated 479 

using phenotypic variance, where an individual's thermal tolerance is defined as its deviation 480 
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from the population's mean response. This term acts as an offset within the thermal stress-481 

mortality function, such that individuals experience more or less mortality as a function of 482 

their relative thermal tolerance. Individual corals retain their assigned tolerance class from 483 

settlement to maturity and multigenerational transmission of this trait is modelled using a 484 

modification of the Breeder’s equation. 485 

Simulations and analyses were conducted under two primary avenues. First, simple 486 

representative reefs scenarios were used to investigate the community-level consequences of 487 

demographic variation due to regional and local site conditions. Second, the C~scape 488 

framework was applied to four GBR case studies, to evaluate hindcast accuracy against long-489 

term monitoring data, to project future coral cover under climate change scenarios and to 490 

evaluate the sources of variability underlying these projections. 491 

 492 

5.2 Coral types and input datasets  493 

Previous application of the C~scape model captured two coral types 44; here we expanded to 494 

a total of six coral types. The choice of coral types and the key taxa used to parameterise the 495 

demography of these coral types was shaped by both data availability and the goal to 496 

represent distinct common coral types on the GBR. We selected six coral types distinct in 497 

growth form, life-history traits and susceptibility to disturbance: tabular Acropora, 498 

corymbose/digitate Acropora, spawning Pocillopora, brooding Pocilloporidae, Goniastrea/ 499 

Platygyra and massive Porites 66–68, Table S1).  500 

Different datasets were used to determine the growth, survival and early life history 501 

parameters for each coral type. The taxonomic resolution varied between datasets; for 502 

example, data relating to settler or juvenile corals was not possible to obtain at the taxonomic 503 

resolution matching selected coral types, in which case samples from genera or families were 504 

selected for the six coral types (Table S1). 505 

Growth and survival were investigated by synthesising two datasets collected at the same 506 

locations but using different survey methodologies: the ‘photogrammetry dataset’ 31,33,34 and 507 

the ‘juvenile coral dataset’ 40.  Both datasets are part of a strategic program targeting key gaps 508 

in ecological knowledge and represents one of the largest demographic sampling efforts for 509 

coral reefs. The sampling design is nested with juvenile quadrats (0.5 x 0.5 m) within survey 510 

plots (12 x 6 m), within sites (distributed across habitats with different levels of seabed 511 
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waterflow intensity and different depths), nested within reefs and regions 31
. Data was 512 

selected for seven reefs within three offshore regions of the GBR (north, central and south, 513 

Fig. S4) from the 2021-2022 monitoring period, a year during which no known major acute 514 

disturbances (bleaching, cyclones or crown-of-thorns outbreaks) were recorded at the study 515 

reefs.  516 

The photogrammetry dataset was built from high-resolution large-area orthomosaics (~72 m2) 517 

obtained with in-water photogrammetry surveys that were conducted at two time points 518 

approximately 12 months apart, such that individual coral colonies and their 2D planar area 519 

could be tracked across consecutive orthomosaics (for detailed methods see 31–34. The 520 

juvenile coral dataset was generated from sampling within 0.5 x 0. 5m fixed-position 521 

quadrats which were selectively placed on areas with ≥1 juvenile coral (<5cm) when 522 

deployed to increase sample size 40. Corals within the quadrats were mapped in situ, taxon (to 523 

genera where possible) identified, and longest diameter measured. The quadrats were 524 

initiated and resurveyed at the same time as the photogrammetry.  525 

The photogrammetry and the juvenile coral demography datasets were synthesised to build a 526 

combined growth and survival dataset across the size range of the different coral types. The 527 

diameter measurements in the juvenile coral dataset were transformed to an estimate of 2D 528 

planar area, assuming the colonies were circles. Taxa for the six coral types were selected for 529 

analysis. Corals from the juvenile dataset were generally <5 cm diameter, while corals from 530 

the photogrammetry dataset were generally >5cm diameter. 531 

A fecundity dataset was used from 68,69 to parameterise the production of eggs from the two 532 

Acropora and the Goniastrea/ Platygyra coral groups. Data from the literature were used for 533 

parameterising fecundity for the other three coral groups (Table S1, Appendix 1.3). 534 

Density dependent processes influence the growth and survival of small corals such that there 535 

are limits to the total observed coral juveniles of reefs 70. Data from belt transect surveys 536 

conducted at the same locations from which the growth and survival data were obtained was 537 

used to quantify the density of juvenile corals (<5 cm) per available space (not covered by 538 

other organisms or unsuitable substrates like sand) at each surveyed site from which a cap of 539 

the maximum number of juveniles was calculated. 540 

Alongside coral type and coral size, additional environmental and spatial covariates were 541 

incorporated into the Integral Projection Models. The depth of each photogrammetry site was 542 
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determined by averaging substrate depth measurements taken at 20 points (five 543 

measurements per each of four plots) and correcting them relative to the Lowest 544 

Astronomical Tide. Photogrammetry sites were partitioned into deep and shallow sites in the 545 

survey design, but sites varied in depth enough for this to be included in regressions as a 546 

continuous variable (Table S2). A value for ‘seabed waterflow intensity’ was also determined 547 

for each site. The site polygons were also overlaid on a map of modelled seabed waterflow 548 

intensity 45 (‘ubed mean’ from the SWAN model  549 

https://espace.library.uq.edu.au/view/UQ:8246441) to assign the median seabed waterflow 550 

intensity per site. We elected to use ‘Ubed mean’, which is the mean horizontal velocity at 551 

the seafloor, as this gives an indication of how much force water movement at the seafloor 552 

exerts on corals, which may influence their growth and survival via physical impact and 553 

through the transfer of nutrients from the water to the corals 71. 554 

 555 

5.3 Integral Projection Models 556 

Integral Projection Models (IPMs) were developed following 44. Vital rates (growth, survival, 557 

and fecundity) were estimated for each coral type using statistical regressions as a function of 558 

coral size (two-dimensional planar area), to reflect known size-dependence 72. Building on 559 

principles explored by 12,73–75, we developed a spatially explicit framework where covariates 560 

describing local physical and environmental characteristics were selected based on their 561 

expected influence on coral growth and survival and their availability as spatial maps (Table 562 

S2).  563 

In growth and survival regressions, site depth (m), modelled seabed waterflow intensity (m.s-564 

1) and GBR region were the main fixed environmental and spatial covariates (Table S2), 565 

alongside initial coral size (planar area, cm2) and survey time (to allow standardisation to 365 566 

days). To account for regional differences in size-dependent vital rates, an interaction 567 

between initial colony area and GBR region was incorporated. Nested random intercepts (plot 568 

within site within reef) accounted for the hierarchical sampling design (Appendix 1.2.2).  569 

Growth was modelled as the log-transformed colony area at the end of the sampling period 570 

using a Student t-distribution with an identity link; the standard deviation was specified as a 571 

function of initial colony area to capture size-related heteroscedasticity. Survival (binary) was 572 

modelled using a Bernoulli distribution with a logit link. A combination of weakly and 573 

moderately informative priors was utilised (Appendix 1.2.2). Intercept priors were derived 574 

https://espace.library.uq.edu.au/view/UQ:8246441
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from the median and median absolute deviation (MAD) of the initial colony area, while other 575 

fixed effects were assigned weakly informative normal priors centred at 0. Standard 576 

deviations of the random effects were assigned Student t-priors (Appendix 1.2.2).  577 

Fecundity was estimated as size-dependent, colony-level reproductive output (as oocytes 578 

(eggs), or larvae). For taxa with sufficient empirical data (tabular Acropora, 579 

corymbose/digitate Acropora and Goniastrea/Platygyra) this was calculated as the product of 580 

polyp density (cm-2) and the number of oocytes per polyp. A hurdle model was used for 581 

predicting the number of oocytes per polyp. The hurdle component, which determined the 582 

probability of a polyp being fecund, was fit using a Bernoulli distribution with a logit link. 583 

For fecund polyps, oocyte counts were modelled with a log link, incorporating colony nested 584 

within species as random effects. To account for zero-inflation and overdispersion a hurdle-585 

Poisson was used for Acropora and hurdle-Negative Binomial distribution for 586 

Goniastrea/Platygyra. Priors for these models were informed by preliminary linear and 587 

generalised linear models to provide realistic intercepts and slopes. Polyp density was 588 

assumed to be size-independent and was assigned a normal distribution for each coral type, 589 

truncated to the minimum and maximum observed values, from data in (Madin et al. 2023, 590 

Álvarez‐Noriega et al. 2016). Uncertainty was propagated by integrating posterior draws of 591 

oocyte counts with polyp densities 44.  592 

For the remaining functional types, alternative estimation strategies were employed based on 593 

literature-derived parameters (see Appendix 1.3.2).  594 

All Bayesian regressions were implemented using Hamiltonian Monte Carlo in the brms 595 

package (v.4.4.1  (Bürkner, 2017)) with Stan (Stan Development Team, 2023), using four 596 

independent chains run for 4,000 iterations each. Following a 2,000-iteration warm-up, a total 597 

posterior draw of 8,000 was retained per model. Convergence was verified by ensuring all 598 

Rhat values were less than 1.01 and through visual inspection of trace plots 76. For the growth 599 

and survival models, predictive accuracy of models with different combinations of variables 600 

depth, waterflow intensity, and GBR region were assessed using the Leave-One-Out 601 

Information Criterion (LOOIC) via the loo package 77 in R. While various reduced covariate 602 

combinations were explored (Table S5 and S6), the full model was ultimately retained to 603 

ensure theoretically-relevant predictors were integrated, if equivalent predictive capacity was 604 

retained (equivalent Bayes R2 values). This approach facilitated a consistent comparison 605 

across coral types. Although these regressions are based on a single year of vital rate data, the 606 
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established framework is designed to incorporate multi-year data as they become available to 607 

enhance model robustness.  608 

To provide flexibility in the types of questions that could be investigated about reef 609 

functioning, multiple coral life stages are modelled explicitly, requiring parameterisation of 610 

several discrete transitions linking these major life stages: fecundity, fertilisation, larval 611 

dispersal, settlement, and post-settlement survival (Fig. S1). These parameters are detailed in 612 

Table S1, with the methodology for their estimation provided in Appendix 1.3.  613 

Regressions and discrete stage transitions (Table S2, Appendix 1.3) were used to compute 614 

integral projection matrices. Matrices represent transitions from state 𝑥 (year 𝑡) to state y 615 

(year 𝑡 + 1), constructed from separate matrices for survival, 𝑠(𝑥), growth 𝑔(𝑦, x), and 616 

reproduction and recruitment, 𝑟(𝑦, x) 78.  617 

𝐈𝐏𝐌𝐟𝐭,𝐢,𝐭 = 𝑔(𝑦, 𝑥)ft,i,t𝑠(𝑥)ft,i,t + 𝑟(𝑦, x)ft,i,t     (1) 618 

The integral projection matrices were constructed to be coral type (ft), site (i), and time (t) 619 

dependent. The growth function considers both positive and negative growth (partial 620 

mortality); fragmentation was not included as the target taxa were rarely noted to fragment in 621 

the empirical datasets. To avoid potential eviction, corals predicted to grow outside the 622 

defined size range (0.5 to 30-110 cm diameter) were allocated to the first or final bins, 623 

respectively 79. 624 

Survival, 𝑠(𝑥), is the probability that an individual of size 𝑥 at time t will be alive at time t+1. 625 

Given large sample sizes are required to accurately quantify survival of long-lived taxa (i.e. 626 

Goniastrea/Platygyra and massive Porites) we introduced a size-independent survival cap of 627 

97.5% to prevent implausibly high survival estimates 16,80. 628 

For further details on IPM application to ecological populations see 12,14,81,82, and for corals 629 

specifically 74,75,78,83. 630 

 631 

5.4 Population and community growth and mortality 632 

The growth and vital rate transitions of coral populations were simulated using integral 633 

projection matrices calculated from the Bayesian regressions for growth, survival and 634 

fecundity, combined with the information on early life history discrete transitions. The 635 

population state of each coral type ft at site i and time t was defined by the state variable 636 
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𝑛𝑓𝑡,𝑖(𝑥,  𝑡)⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑   81, which described the abundance of individuals across discrete life stages 637 

(oocytes, larvae and settlers) and 100 size classes (the ‘continuous stage’, 0.25cm2 planar area 638 

to the maximum simulated coral colony area on the log-area scale, see Table S2).  639 

𝑛𝑓𝑡,𝑖(𝑥,  𝑡)⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑   = [𝑛𝑜𝑜𝑐𝑦𝑡𝑒,𝑡 𝑛𝑙𝑎𝑟𝑣𝑎𝑒,𝑡 𝑛𝑠𝑒𝑡𝑡𝑙𝑒𝑟,𝑡    𝑛 1,𝑡 𝑛 2,𝑡 𝑛 3,𝑡 … . 𝑛 100,𝑡]    (2) 640 

Annual transitions in the population size structure and abundance were determined by 641 

projection matrices, 𝐈𝐏𝐌𝐟𝐭,𝐢,𝐭(𝑥, 𝑦) , which were coral type, site and time dependent. 642 

Multiplication of the projection matrix with the state vector yields the population state one 643 

year later: 644 

𝑛𝑓𝑡,𝑖(𝑦,  𝑡 + 1)⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑  ⃑ = 𝐈𝐏𝐌𝐟𝐭,𝐢,𝐭(𝑥, 𝑦) × 𝑛𝑓𝑡,𝑖(𝑥,  𝑡)⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑      (3) 645 

Community-level dynamics are represented by applying density dependent space limitation. 646 

The available space varies temporally and results in a reduction of positive coral colony 647 

growth towards stasis as space becomes limiting 12,84. Thus, 𝐈𝐏𝐌𝐟𝐭,𝐢,𝐭, allowed for the 648 

modulation of vital rate transitions based on available space at any given time, t. To facilitate 649 

this, total coral cover 𝐶𝑖,𝑡, was used as a time-dependent proxy for resource depletion.  Coral 650 

cover is calculated at each time step for each site by summing the product of colony 651 

abundance and mean colony area across all size classes and functional types: 652 

𝐶𝑖,𝑡 = ∑ ∑ 𝑛𝑓𝑡,𝑖,𝑡,𝑛 ×100
𝑛=1 𝑎𝑓𝑡,𝑛

6
𝑓𝑡=1     (3) 653 

Where 𝑎𝑓𝑡,𝑛 was the colony area corresponding to the nth size class for coral type ft, and 654 

𝑛𝑓𝑡,i,𝑡,𝑛 was the specific element of the abundance vector describing the number of colonies in 655 

that class. By modulating the projection matrices 𝐈𝐏𝐌𝐟𝐭,𝐢,𝐭 based on this total cover, the 656 

transition from intrinsic to density-dependent growth at the community level was captured. 657 

Specifically, to ensure a logistic growth shape emerged as the total coral cover of the 658 

community approached carrying capacity 𝜅𝑖, the growth transitions within 𝐈𝐏𝐌𝐟𝐭,𝐢,𝐭 were 659 

adjusted by a site-specific scalar, 𝑑𝑖,𝑡, where  660 

𝑑𝑖,𝑡 =
𝜅𝑖−𝐶𝑖,𝑡

𝜅𝑖−(𝜅𝑖×
𝐶𝑐𝑟𝑒𝑔𝑖𝑜𝑛

90
)

    (4) 661 

Where 𝐶𝑐𝑟𝑒𝑔𝑖𝑜𝑛
 was the mean total coral cover across the original survey sites within each 662 

GBR region (as per growth and survival regressions) from which the empirical vital rate data 663 

were collected. This formulation recognised that the surveyed rates were likely subject to 664 
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some degree of space limitation at the time of survey; thus, the realised growth was adjusted 665 

to an intrinsic rate before being scaled by the current site conditions. The value of 90 666 

represented the assumed carrying capacity (as a percentage) of those original survey sites, 667 

used to normalise the observed cover 𝐶𝑐𝑟𝑒𝑔𝑖𝑜𝑛
 relative to its maximum potential. 668 

The scalar 𝑑𝑖,𝑡 was implemented by modifying the internal structure of the growth sub-matrix 669 

within 𝐈𝐏𝐌𝐟𝐭. Specifically, the probabilities of an individual growing into any larger size 670 

class were multiplied by 𝑑𝑖,𝑡. To ensure that these adjustments to growth rates did not 671 

inadvertently alter survival probabilities, a constant column sum was maintained within the 672 

matrix. Any change in growth probability caused by 𝑑𝑖,𝑡 was redistributed to the diagonal 673 

element of the matrix, representing the probability of remaining in the same size class. 674 

Consequently, as a site approached carrying capacity, 𝑑𝑖,𝑡 → 0, the IPM transitions shifted so 675 

that individuals were more likely to persist in their current size class rather than increasing in 676 

area. This mechanism ensured that the cumulative effect across all populations resulted in 677 

community growth that followed a logistic trajectory, preventing the total coral cover from 678 

exceeding the site-specific maximum, 𝜅𝑖. 679 

In addition to the modulation of adult growth, space limitation was applied to the recruitment 680 

of new individuals to prevent juvenile densities from exceeding observed ecological limits 85. 681 

This was achieved by imposing a coral type-specific cap on the density of juveniles (0.5-5cm 682 

diameter) that could occupy the available benthic space at any given site, 𝐽𝑓𝑡
𝑚𝑎𝑥. This cap was 683 

parameterised using the 99th percentile of juvenile counts observed in empirical surveys 684 

(Table S1, Appendix 1.3). The maximum number of juveniles permitted at a site at a given 685 

time, 𝑛𝑓𝑡,𝑖,𝑡
𝑚𝑎𝑥  was determined by multiplying this density cap by the available benthic space, 686 

𝑛𝑓𝑡,𝑖,𝑡
𝑚𝑎𝑥 = 𝐽𝑓𝑡

𝑚𝑎𝑥 × 𝐴𝑟𝑒𝑎𝑖 × (
𝜅𝑖−𝐶𝑖,𝑡

100
)    (5) 687 

This cap was imposed via constraining the incoming coral settlers. Both new juveniles that 688 

would result from timestep t’s incoming settlers and the juveniles already present at the start 689 

of the timestep were summed. If this combined total exceeded the space-delimited cap, 𝑛𝑓𝑡,𝑖,𝑡
𝑚𝑎𝑥 , 690 

the number of successful settlers was reduced proportionally such that the cap would not be 691 

exceeded. If the total coral cover met or exceeded the carrying capacity 𝜅𝑖 < 𝐶𝑖,𝑡 the number 692 

of allowed new settlers was set to zero. 693 
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Three acute disturbances are included in the C~scape framework: temperature stress (as 694 

annual maximum Degree Heating Weeks), cyclones (as category 1-5), and Acanthaster (c.f 695 

solaris) crown-of-thorns (COTS) starfish (as density per COTS size classes). These act to kill 696 

a proportion of coral colonies within a site according to disturbance-mortality functions 44 697 

(Appendix 4.2). 698 

To incorporate natural adaptation, we track coral abundance not only across size classes but 699 

also across thermal tolerance classes, ∆𝐷𝐻𝑊, which represent deviations from the 700 

population’s mean bleaching mortality response (Appendix 4.3). In this study we set 14 701 

discrete thermal tolerance classes ∆𝐷𝐻𝑊 = {−5,−4… ,8}. Coral populations were initialised 702 

across these classes with a 𝑠𝑑 = 1.91 informed from empirical data in 64. Corals within each 703 

thermal tolerance class retain the same ∆𝐷𝐻𝑊 throughout their life cycle.  704 

We incorporated tolerance class, ∆𝐷𝐻𝑊, into the bleaching mortality function 86, which 705 

effectively shifted the bleaching mortality curve along the x-axis, where positive values 706 

(∆𝐷𝐻𝑊 > 0) equate to higher resistance (reduced mortality) and negative values (∆𝐷𝐻𝑊 < 707 

0) higher susceptibility (increased mortality) (Fig. S31). 708 

𝑚𝑖𝑛𝑖𝑡𝑓𝑡_𝑠𝑖𝑡𝑒
= 𝑤𝑠𝑖𝑡𝑒 ∙ 𝑠𝑓𝑡 ∙ ((𝑒0.17+0.35∙(𝐷𝐻𝑊𝑠𝑖𝑡𝑒 −∆𝐷𝐻𝑊)) − 1)/100     (5) 709 

To allow for cross-generational selection the transmission of this phenotypic trait to the next 710 

generation was modelled by applying a generalisation of the Breeder’s equation 87. The 711 

Breeder's equation predicts the selection differential (the difference between the mean of the 712 

parental population and the mean of the breeding individuals) of a given trait over one 713 

generation after selection based on a parameter the trait's ‘narrow-sense heritability’ 88,89. 714 

Narrow-sense heritability (h2) has been investigated in many populations of organisms and 715 

found to tend towards h2=0.3 for polygenic traits that are non-morphological and related to 716 

fitness (Moore et al 2019) and so we used this value in the present study (Appendix 4.3).  717 

 718 

5.5 Metacommunities via connectivity modelling 719 

We used biophysical modelling to simulate the dispersal, survival and settlement of larvae 720 

from the five broadcast spawning coral types to connect populations across the mosaic of 721 

sites in each of the four case studies. This workflow had four main steps: 1) hydrodynamic 722 

modelling, 2) particle tracking, 3) post-processing to impose coral larvae biology and 723 

behaviour onto the particles, and 4) generation of transition probability matrices describing 724 
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the probability of a larvae being produced at each site in the reef cluster travelling to every 725 

other site in the cluster, surviving its dispersal and successfully settling. Full details on this 726 

process are given in Appendix 2.2.3 and see 38.   727 

 728 

For the Brooding Pocilloporidae coral type, we did not use this workflow, instead, we made 729 

several assumptions regarding the survival and settlement of brooding corals. We assumed 730 

that 3% of brooding corals would survive and successfully settle. Of these successful settlers, 731 

we assumed 90% would stay within the site of release, and the remaining 10% were 732 

partitioned to any sites within a 1 km radius of the release site 90,91. 733 

 734 

Following approaches in previous work 25,44, we linked the fine-scale C~scape modelling to 735 

larger GBR-wide modelling (ReefMod-GBR 25,86. While some reefs may be considered as 736 

isolated systems,  we assumed that the reef clusters modelled in the present study receive  737 

coral larvae supplied from reefs outside the modelled domain given the high connectivity 738 

across reefs of the Great Barrier Reef 26,86,92. Therefore, for the simulations presented here, 739 

the ReefMod-GBR model 25 was run in parallel, with the same environmental forcings (i.e. 740 

same thermal stress and cyclones), for 3,806 reefs across the Great Barrier Reef. From these 741 

simulations, we extracted the predicted number of larvae arriving to each reef modelled by 742 

C~scape , retaining only the larvae coming from reefs external to the modelled cluster. These 743 

‘external larvae’ were distributed to C~scape reef sites proportionally based on the total site 744 

area, i.e., larger sites received more larvae. In the same way as for larvae arising from within 745 

the cluster, these external larvae settled on the reef with a probability dependent on their coral 746 

type (Table S1) and then were governed by the IPMs and the conditions at the site they were 747 

assigned to. 748 

 749 

5.6 Model simulation details – representative reefs 750 

To investigate how individual-level vital rates scale to community-level dynamics, we 751 

designed three simplified ‘representative reefs,’ each composed of four 1-hectare sites. We 752 

expected spatial differences in coral dynamics to emerge where growth and survival varied 753 

with environmental covariates, while uncertainty within the Bayesian regressions would 754 

propagate through to population and community projections. To test this across a range of 755 

physical/environmental conditions, we parameterised four distinct site types—shallow-low 756 
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waterflow, shallow-high waterflow, deep-low waterflow and deep-high waterflow (Figure 757 

2a)—using depth and waterflow intensity values informed by our empirical survey sites and 758 

the broader range of conditions across the GBR case studies. 759 

For each of the six coral types, we first examined predictions of growth and survival specific 760 

to these four site-level characteristics to understand the direction of these effects.  761 

We then simulated coral-cover dynamics within the C~scape framework over a 50-year 762 

period. To isolate the influence of uncertainty in estimated vital rates and demographic 763 

variability across covariates (depth, waterflow and region), we fixed other model parameters 764 

(these were explored with higher complexity in the GBR case studies). For instance, we 765 

initialised communities at 5.4% cover divided equally among the six types (Table S3). We 766 

assumed a direct stock-recruitment relationship where all larvae recruited to their source site, 767 

using a settlement probability based on the median arrival probability from the four GBR 768 

case study connectivity matrices. To evaluate both undisturbed population growth and 769 

recovery capacity, all acute disturbances were disabled, except for a temperature stress 770 

disturbances regime featuring an initial 20-year period without disturbance, followed by a 771 

moderate-to-strong bleaching event every 10 years. 772 

 773 

5.7 Great Barrier Reef case studies 774 

Reef boundaries were defined using a geomorphic zonation map 93. Following 36 we included 775 

zones characterised by predominantly hard substrate (Reef Slope, Reef Crest, Outer Reef 776 

Flat, and Sheltered Reef Slope) to represent suitable coral habitat. Sites were delineated by 777 

partitioning these zones into smaller spatial units, which were then characterised by depth and 778 

waterflow intensity (Fig. S5, 44) by overlaying on 10x10 m pixel maps (Appendix 2.2.2). 779 

Benthic category maps 35 were used to estimate the proportion of each site suitable for coral 780 

growth, ‘coral habitat’, by removing area that was categorised Sand or Rubble (Appendix 781 

2.2.2 44). Across the four clusters, total modelled area ranged from 1,812 to 4,959 hectares 782 

(Table S4), which translates to a maximum habitable coral cover of 1,432–2,895 hectares 783 

once the characterisation of coral habitat is considered. 784 

Historical (2008–2024) and future (2024–2100) environmental forcings (thermal stress, 785 

cyclones, and COTS) follow 25,44,86. Briefly, historical annual maximum DHW values were 786 

obtained from climatology data from NOAA, historical exposure to cyclones was derived 787 
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from information from the Australian Bureau of Meteorology in combination with modelling 788 

of wave heights (Puotinen et al. 2016), while the density of adult COTS arriving to each reef 789 

was simulated for hindcast and future projections using the ReefMod-GBR model 25 790 

(Appendix 4.2).  791 

For each case study, 30 scenarios across 20 stochastic realisations were run. The 30 scenarios 792 

were characterised by projections of Sea Surface Temperatures (SST) from the sixth phase of 793 

the Coupled Model Intercomparison Project (CMIP6) under three shared socioeconomic 794 

pathways (SSPs) SSP1, SSP2, SSP3, and associated emissions trajectories SSP1-2.6, SSP2-795 

4.5, SSP3-7.0. Previous work 25,39 has downscaled SST projections from 10 CMIP6 global 796 

climate models (GCMs): CNRM-ESM2-1, EC-Earth3-Veg, IPSL-CM6A-LR, MRI-ESM2-0, 797 

UKESM1-0-LL, GFDL-ESM4, MIROC-ES2L, MPI-ESM1-2-HR, MIROC6, NorESM2-LM. 798 

In hindcasts, DHW and cyclone inputs were fixed to the observed annual values across 799 

scenarios and realisations, while COTS could vary due to the stochasticity in ReefMod-GBR. 800 

We used 20 synthetic tracks of cyclones for forecasts, which were fixed across the 30 801 

scenarios 25,94. DHW varied according to the SSP and GCM across scenarios, while across 802 

realisations the exact timing of DHW were shuffled within decades to create stochasticity and 803 

reflect uncertainty in the exact timing of thermal stress 25. The resulting 600 simulations per 804 

cluster (10 GCMs x 3 SSPs x 20 realisations) utilised median growth and survival rates 805 

derived from the Bayesian regressions. 806 

While GCMs are generally best interpreted as an ensemble, computational constraints 807 

necessitated selecting a single model (MRI-ESM2-0, single realisation) for the investigation 808 

of vital rate uncertainty. We chose this GCM because it was available at fine resolution prior 809 

to downscaling, and is considered to provide a fair representation of Australian past climate 810 

95, and it’s Equilibrium Climate Sensitivity (ECS) was within the range of likely ECS (IPCC) 811 

and fell within the middle range of the 10 GCMs we considered. For this single GCM we ran 812 

a suite of 200 replicate scenarios, instead of using the median demography, we took a single 813 

posterior draw in each simulation from the growth and survival Bayesian regressions.  814 

Simulations were initialised based on the total coral cover recorded in the AIMS LTMP 815 

manta tow observations from the starting year of the hindcast (2008) from reefs within the 816 

simulated clusters (each had at least two reefs with LTMP data, Fig S11). The simulated reefs 817 

that had data from LTMP were assigned the coral cover for that specific reef, which the 818 

remaining reefs in the cluster were assigned the average off the reefs with data. While total 819 
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coral cover was taken from the manta tow observations (because this survey methodology 820 

covers a greater proportion of the simulated area of reef), this data does not provide coral 821 

community composition, and therefore we informed the relative composition of coral types 822 

with that observed in the fixed-position phototransects for this same year.  823 

 824 

5.8 Model evaluation 825 

A criterion for choosing the four GBR case study reef clusters was that they contained at least 826 

two reefs that were monitored as part of the AIMS Long-Term Monitoring Program (LTMP 827 

47,96. This allowed evaluation of model trajectories in the hindcast years (2008-2024) against 828 

empirical observations from this period. Two time-series datasets were available from the 829 

AIMS LTMP: coral cover from fixed-position photo transect data at three sites on the 830 

leeward north-east slope of the reefs, and total coral cover estimates from manta tow surveys. 831 

The fixed-position phototransects at each site comprise 5 x 50m transects along which 832 

photographs are taken and later analysed with a point-intercept method 47. Manta tow is a 833 

monitoring technique where an observer (on snorkel) is towed behind a boat and makes 834 

visual assessments, recording the average total coral cover in ~ 10 m wide bands on 835 

consecutive tows which are ~ 200 m in length 47. The surveys follow the reef perimeter, 836 

usually on the reef slope, and while they are less accurate than the fixed-position photo 837 

transects, they provide broader spatial information across the reef 47.   838 

To assess the C~scape model performance at the GBR case studies, we compared simulated 839 

coral cover against the two empirical datasets. The C~scape model outputs were spatially 840 

filtered to select only the reef slope and sheltered slope sites of the 10 target reefs within the 841 

four clusters. Time-series of total cover was plotted for each of these modelled sites and 842 

visually examined against the three LTMP fixed-position sites in each reef, and against the 843 

mean manta tow estimates of total coral cover.  844 

Empirical observations were then temporally aligned to the model's annual time steps (1 845 

January-31 December) by assigning surveys conducted after July to the subsequent model 846 

year. For each reef, we calculated Pearson’s correlation and Spearman’s rank correlation to 847 

assess trend alignment, Root Mean Square Error to estimate absolute accuracy, and Percent 848 

Bias to identify systematic over- or under-estimation of the simulated coral cover relative to 849 

the observed empirical coral cover.  850 
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5.9 Partitioning variability in coral-cover trajectories  851 

Two separate datasets were synthesised to quantify the relative contribution of different 852 

sources of variability to coral-cover trajectories. The first dataset combined all simulated data 853 

across years, SSPs, climate models (GCMs), and case study regions. The second dataset was 854 

designed to isolate the role of vital rate uncertainty, consisting of 200 separate posterior 855 

draws (as shown in Figure 4e) for a single climate model and realisation (SSP4.5, MRI-856 

ESM2-0) across all case studies. On each of these datasets, we performed a two-step variance 857 

partitioning analysis: first, a pooled global analysis to determine the overall importance of 858 

predictive variables, and second, a temporal analysis to track how the influence of these 859 

variables changed over the century for each SSP. 860 

For the climate-spatial analysis (approximately 92 million rows), we utilised a 10% 861 

proportional subsample (approximately 9 million rows). Similarly, for the vital rate-spatial 862 

analysis (approximately 30.7 million rows), a 10% subsample was taken (approximately 3 863 

million rows). In both cases, subsampling followed a stratified approach to ensure equal 864 

representation across all simulation years and the relevant spatial and climate hierarchies. The 865 

10% threshold was selected to maintain high statistical power and ensure the inclusion of 866 

sufficient data points for lower-level spatial groupings (e.g. reef sites) while remaining within 867 

the computational memory constraints of the high-performance computing environment. We 868 

fit nested mixed-effects models using the lme4 package in R with the following random 869 

intercept structures: 870 

𝐶1~(1|𝑌𝑒𝑎𝑟) + (1|𝑆𝑆𝑃/𝐺𝐶𝑀/𝑅𝑒𝑎𝑙𝑖𝑠𝑎𝑡𝑖𝑜𝑛) + (1|𝑅𝑒𝑔𝑖𝑜𝑛/𝑅𝑒𝑒𝑓/𝑆𝑖𝑡𝑒) 871 

𝐶2~(1|𝑌𝑒𝑎𝑟) + (1|𝑃𝑜𝑠𝑡𝑒𝑟𝑖𝑜𝑟𝐷𝑟𝑎𝑤) + (1|𝑅𝑒𝑔𝑖𝑜𝑛/𝑅𝑒𝑒𝑓/𝑆𝑖𝑡𝑒) 872 

Variance components were extracted from this model and expressed as standard deviations to 873 

provide a global estimate of the magnitude of variability in coral cover associated with each 874 

factor. 875 

To investigate how these sources of variability in coral cover evolved over time, we 876 

conducted a temporal analysis by fitting independent mixed-effects models for each 877 

simulation year. For the climate-spatial dataset, models were fit for each year within each 878 

SSP. For the vital rate-spatial dataset, models were fit for each year. In these annual models, 879 

the temporal random effect was removed, and the spatial and climate/demographic 880 

hierarchies were retained. Variance components were extracted for every year (and SSP). To 881 
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facilitate the visualisation of long-term trends and reduce annual stochastic noise, a three-year 882 

central rolling mean was applied to the resulting SD trajectories. 883 

All mixed-effects models were implemented using the lmer function. To ensure robust 884 

convergence and stable variance estimates across these complex structures, we employed the 885 

bobyqa (Bounded Optimization by Quadratic Approximation) optimiser with a maximum of 886 

100,000 function evaluations. This derivative-free optimiser was selected for its reliability in 887 

handling high-dimensional random effects and large-scale ecological datasets. 888 
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APPENDIX 1. Vital rate analyses and parameters 22 

 23 

1.1. Coral types and parameters 24 

Selecting six coral types required balancing multiple considerations. For computational and complexity 25 

reasons we targeted a maximum of six coral types. We wanted these to represent common coral types that 26 

occur on the Great Barrier Reef, and be distinct in their growth form, vital rates, mode of reproduction 27 

and/or susceptibility to disturbance. This required grouping some taxa that are known to have different traits. 28 

For example, we combined corymbose and digitate Acropora corals despite evidence that these two groups 29 

have different growth and mortality rates (with corymbose being faster growers and with lower survival than 30 

digitate growth forms (Pratchett et al. 2015)).  31 
 32 
Notably, certain important coral groups were not included, for example foliose corals, branching Porites 33 

spp., or branching Acropora spp. thickets, due to difficulties in distinguishing individuals for growth and 34 

survival monitoring and incorporation into Integral Projection Models. 35 

The corals were parameterised with a maximum size that was informed by the size distribution of the 36 

colonies sampled for growth and survival and considering the reported maximum size of these corals 37 

(coraltraits.org/). We avoided predicting outside of the sampled sizes where possible, but in the case of 38 

massive Porites the maximum size was increased such that the simulated corals better represented this group 39 

of corals which are known to be long-lived with capacity to grow exceptionally large.  40 

The six coral groups and relevant parameters are provided in Table S 1. 41 

42 



Table S 1. Summary and description of six coral types modelled in the C~scape metacommunity model. Details of taxa 43 
selected for parameterisation, specification of parameters relating to discrete transitions in the Integral Projection Models and 44 
other parameters such as disturbance susceptibility.  45 

Coral group Tabular 
Acropora 

Corymbose/ 
Digitate Acropora 

Spawning 
Pocillopora 

Goniastrea / 
Platygyra 

Massive Porites Brooding 
Pocilloporidae 

Source 
 

Description Colonies in the 
Acropora genus 
characterised 
by flat, table-
like structures 
with horizontal 
growth and 
fused branches. 

Dense, bushy, 
growth forms in the 
Acropora genus.  

Dense, bushy, 
growth forms of 
the Pocillopora 
genera that 
reproduce 
predominately via 
broadcast 
spawning – i.e. 
releasing eggs 
and larvae into 
the water column. 
E.g. Pocillopora 
verrucosa. 

Domed mound-
like semi-
spherical or 
spherical shaped 
colonies of the 
genera Platygyra 
and Goniastrea. 

Domed mound-like 
semi-spherical or 
spherical shaped 
colonies of the 
Porites genus, that 
can grow to large 
sizes (>>1m 
diameter). 

Dense, bushy, 
growth forms in 
genus Pocillopora 
that reproduce 
predominately via 
brooding, 
meaning they 
produce fertilized 
larvae and their 
offspring tend to 
settle relatively 
close to the 
parent colony. 

(Pratchett et 
al. 2015) 
 
(Althaus et al. 
2015) 

Taxa growth 
and survival 
(juvenile 
dataset) 

Acropora spp. 
 
 
n growth = 218 
n survival = 438 

Acropora spp. 
 
 
n growth = 281 
n survival = 438 

Pocillopora spp. 
 
 
n growth = 30 
n survival = 43 

Goniastrea spp. 
Platygyra spp. 
 
n growth = 27 
n survival = 33 

Porites spp. 
 
 
n growth = 150 
n survival = 214 

Pocillopora spp. 
Seriatopora spp. 
Stylophora spp. 
n growth = 76 
n survival = 130 

(Doropoulos 
et al. 2025b) 

Taxa growth 
and survival 
(photogramme
try dataset) 

Acropora 
anthocercis, A. 
clathrata, A. 
cytherea, A. 
sarmentosa, A. 
solitaryensis, A. 
hyacinthus, 
Tabular 
Acropora spp. 
 
 
n growth = 643 
n survival = 880 

Acropora cerealis, 
A. digitifera, A. 
gemmifera, A. 
humilis, A. latistella, 
A. millepora, A. 
nasuta, A. secale, A. 
tenuis, A. valida, 
‘corymbose’ 
Acropora spp.c, 
‘digitate’ Acropora 
spp.c 
n growth = 2350 
n survival = 3039 

Pocillopora 
verrucosa* 

Pocillopora 
damicornis* 

Seriatopora 
hystrix, 
Stylophora 
pistillata. 
 
 
 
n growth = 1129 
n survival = 1312 

Goniastrea spp. 
and Platygyra spp. 
with main species 
being P. 
daedalea, P. 
sinensis, G. 
edwardsi, G. 
retiformis. 
 
 
 
n growth = 814 
n survival = 876 

Porites lobata, P. 
australiensis, P. 
lutea, P. 
myrmidonensis, P. 
solida, P. 
murrayensis and P. 
mayeri 
 
 
 
 
n growth = 1595 
n survival = 1779 

Pocillopora 
damicornis* 
Pocillopora 
verrucosa* 

Seriatopora 
hystrix, 
Stylophora 
pistillata.  
 
 
 
n growth = 1835 
n survival = 2232 

(Gordon et al. 
2023) 
 
 

Maximum 
modelled size 
(cm) 

110 50 30 50 80 30 (Madin et al. 
2016) 

Genera used 
to inform 
fecundity 

Acropora 
cytherea, A. 
hyacinthus,  

Acropora nasuta, A. 
spathulata, A. cf. 
digitifera, A. humilis 

Pocillopora 
verrucosa 

Goniastrea 
pectinata, G. 
retiformis 

Goniastrea 
pectinata, G. 
retiformis 

Stylophora 
pistillata, 
Pocillopora 
damicornis 
 

(Álvarez‐
Noriega et al. 
2016a) 
Section 1.3.2 

Fertilisation to 
larvae 
(proportion) 

0.3 0.3 0.2 0.2 0.1 1 (Tsounis and 
Edmunds 
2016) 
(Dela Cruz 
and Harrison 
2020) 

*P. damicornis and P. verrucosa were included to boost sample size for building growth and survival regressions in both Brooding Pocilloporidae 46 
and Spawning Pocillopora groups although they are typically considered brooder and spawners, respectively. However, other than for growth and 47 
survival regressions, these groups were considered separately (i.e. for parameterising fecundity and susceptibility to disturbances). 48 
 49 

 50 

 51 

 52 

 53 

 54 

 55 

 56 



Table S 1 continued. Summary and description of six coral types modelled in the C~scape metacommunity model. Details of 57 
taxa selected for parameterisation, specification of parameters relating to discrete transitions in the Integral Projection Models 58 
and other parameters such as disturbance susceptibility. 59 

Coral group Tabular 
Acropora 

Corymbose/ 
Digitate Acropora 

Spawning 
Pocillopora 

Goniastrea / 
Platygyra 

Massive Porites Brooding 
Pocilloporidae 

Source 
 

External egg to 
settler 
(proportion) 

0.0084 0.0084 0.0056 0.0056 0.0028 0 (Tsounis and 
Edmunds 
2016) 
(Dela Cruz 
and Harrison 
2020) 

Larval 
mortality 
(proportion per 
24 hours) 

0.4  NA Section 2.2.3 

Fig S 6 
(Heyward et 
al. 2002, 
Gilmour et al. 
2009, 
Connolly and 
Baird 2010) 

Settlement 
(proportion per 
24 hours) 

0.62 in the case where a simulated larvae is above reef substrate (i.e. above a C~scape site polygon) NA (Randall et 
al. 2024) 

Fig S 6 

Survival to 1-
year old coral 
(proportion) 

0.02 (2%) of settlers survive to transition from the discrete ‘settler’ state to the continuous state of the 
Integral Projection Models. 

 (Randall et 
al. 2023) 
(Suzuki et al. 
2024) 
(Doropoulos 
et al. 2022) 

Mean and 
standard 
deviation of 
size at 1-year 
old (sampled 
from normal 
distribution) 
(cm diameter) 

2.45 (1.43)  2.45 (1.43)  1.80 (1.19)  2.72 (2.00) 2.34 (1.58) 2.50 (1.53) Informed by 
data in 
Doropoulos 
et al 2025 

Juvenile cap 
per m2 
available 
space 

23 23 12 10 7 12 Section 1.3.5 

Bleaching 
susceptibility 

1.6 1.3 0.4 0.3 0.3 2.1 (Ortiz et al. 
2014, 
Hughes et al. 
2018) 

COTS 
susceptibility 

35.5 7.6 7.6 8.3 1.0 7.6 (Bozec et al. 
2025) 

Cyclone 
susceptibility 

Yes Yes Yes No No Yes (Fabricius et 
al. 2008) 

 60 
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 63 

 64 
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 67 

 68 

 69 



1.2. Methods growth and survival regressions  70 

 71 

1.2.1. Predictor variables  72 
Table S 2. Variables considered in regressions of coral growth and survival.  73 

Variable Details Specifications regarding 
fixed or random variable 
and transformations 

Size at time 
t0  

Coral colony two-dimensional planar area cm2 at the beginning on the monitoring period. 
Photogrammetry data was obtained as planar area in cm2 through analysis of 
orthomosaics (Toor et al. 2025) while juvenile quadrat data was obtained as maximum 
colony diameter which was converted to area by assuming the colonies were circular. 
 
It is established that growth and survival are size dependent (Hughes 1984, Pratchett et al. 
2015). 

Fixed. 
Continuous. 
Natural log- 
transformation. 

Sampling 
period 

Days between initial and final measurement on coral colonies. This was included to 
account for variation in the time between colony measurements. Annual predictions are 
then made from the regressions by setting this variable to 365 days. 
 
Range: 240-488 
Median: 365 
Mean: 351 

Fixed. 
Continuous. 
Scaled. 

Seabed 
waterflow 
intensity 

Output from a wave model (the SWAN model 
https://espace.library.uq.edu.au/view/UQ:8246441, (Callaghan et al. 2015)) was used to 
gives an estimate of the force water movement at the seabed exerts on corals. We 
selected the metric ‘root mean squared horizontal velocity amplitude’, or ‘ubed_mean’, 
which is a metric describing the water velocity at the seabed in m/s. 
 
EcoRRAP Range: 0.05-0.38 
EcoRRAP Median: 0.22 
EcoRRAP Mean: 0.22  
C~scape Case Studies 10th percentile: 0.11 
C~scape Case Studies 10th percentile: 0.45 
C~scape Case Studies Median: 0.23 
C~scape Case Studies Mean: 0.26 

Fixed. 
Continuous. 
Scaled. 

Depth (m) EcoRRAP Range: 2.9-12 
EcoRRAP Median: 4.4 
EcoRRAP Mean: 5.2 
C~scape Case Studies 10th percentile: 0.8 
C~scape Case Studies 90th percentile: 15.4 
C~scape Case Studies Median: 6.2 
C~scape Case Studies Mean: 6.8 

Fixed. 
Continuous. 
Scaled. 

Region Data included in the models come from three regions on the GBR: 
Offshore Central Great Barrier Reef 
Offshore Northern Great Barrier Reef 
Offshore Southern Great Barrier Reef 

(Fig S 4) 

Fixed. 
Categorical. 

1 | Reef / Site 
/ Plot 

There were at least two reefs surveyed per Region and 2-5 sites per reef. Each site had 
four plots.  

Random. 
Categorical. 

 74 

 75 

 76 

 77 
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1.2.2. Growth, survival and fecundity Bayesian models 85 

Bayesian linear and generalised linear mixed-effects models were fit for growth and survival as a function of 86 

the initial log-transformed coral colony area (cm2), ln𝐴𝑡. We considered site depth (m), 𝐷, modelled seabed 87 

waterflow intensity (m.s-1), 𝑊, and GBR region, 𝑅, as covariates (Table S2). We also included the number 88 

of days, 𝑁, between surveys to account for the variable time between resampling surveys (while surveys 89 

aimed to be approximately annual, this is not exact due to the logistics of field surveys). We incorporated an 90 

interaction between initial colony area and the GBR region, to allow for potential spatial differences in the 91 

relationship between initial colony size and growth and survival along the GBR’s latitudinal gradient (Table 92 

S2). To account for the hierarchical sampling design, we included nested random intercepts for plot within 93 

site, and site within reef. 94 

Coral growth was modelled as the natural log-transformed colony area at the end survey point (ln𝐴𝑡+1) 95 

assuming a Student t-distribution with an identity link; this distribution was a robust alternative to a 96 

Gaussian distribution, as it is less sensitive to outliers in the data.  97 

ln𝐴𝑡+1~Student(𝜇, 𝜎, 𝜈) 98 

with the mean structure as 99 

𝜇 = 𝛽0 + 𝛽1−8𝑋 + 𝜁𝑍 100 

where 𝛽 is a vector of fixed effects (𝛽0 is the model intercept and 𝛽1−8 are the slopes), 𝑋 is a matrix of 101 

predictors (survey time period, waterflow intensity, depth, GBR region), 𝜁 a vector of random effects, 𝑍 is 102 

matrix of random effects (plot nested in site nested in reef).  103 

The standard deviation, 𝜎, was modelled as a function of the initial log-transformed colony area (ln𝐴𝑡) to 104 

allow for variability in growth to change with coral size. The model was specified as: 105 

𝜎 = 𝛾0 + 𝛾1ln𝐴𝑡 106 

and 𝛾0 is the standard deviation when area is 1 cm2 (ln𝐴𝑡= 0) and 𝛾1 is the slope that controls how the 107 

residual standard deviation changes with ln𝐴𝑡; 𝜈 the degrees of freedom for the Student t-distribution. 108 

We used a combination of weakly and moderately informative priors for 𝛽, 𝜁, 𝛾, 𝜈. Priors for the intercept 109 

were set based on the median and median absolute deviation (MAD) of the initial log-transformed colony 110 

area data for each functional type, while other fixed effects were given a weakly informative normal prior 111 

centred at 0, with a standard deviation of 1. 𝜈 was given a gamma prior, and the standard deviations of the 112 

random effects were given a Student t-prior via group centering. 113 

𝛽0 ~ 𝑁(5.9, 2.2); 𝛽1−8 ~ 𝑁(0, 1);  𝜈 ~ Γ(2, 0.1); 114 

𝜁 ~ Student(3, 0, 1.5); 𝛾0~Student(3,0,2.5); 𝛾1~U(−∞,∞) 115 

 116 

Coral survival was modelled using a Bayesian generalised linear mixed-effects model (GLMM). We 117 

assumed that the binary response variable, 𝑆𝑡+1 where 1 represents survival and 0 represents mortality), 118 

followed a Bernoulli distribution with a logit link function.  119 

The model structure was specified as: 120 

𝑆𝑡+1~Bernoulli(𝜌) 121 

logit(𝜌) = 𝛽0 + 𝛽1−8𝑋 + 𝜁𝑍 122 

Where 𝜌 is the probability of coral survival. The vectors and matrices for fixed effects (𝛽) and random 123 

effects (𝜁) retain the same meaning as defined in the growth model. The priors for the survival model were 124 

specified as: 125 

𝛽0 ~ 𝑁(0, 2.5); 𝛽1−8 ~ 𝑁(0, 2);  𝜁 ~ Student(3, 0, 2.5) 126 

An interaction was considered between initial size and the region, to allow the potential for regional-specific 127 

trends with size. 128 



Both growth and survival models were fitted using Hamiltonian Monte Carlo (HMC) with no-U-turn 129 

sampler (NUTS) in R (version 4.4.1) using the brms package (Bürkner, 2017) and implemented with Stan 130 

(Stan Development Team, 2023). We set four independent chains, each with 4000 iterations. The first 2000 131 

iterations were discarded as warm-up, leading to a total of 8000 posterior draws. Convergence was assessed 132 

by ensuring all 𝑅̂ (Gelman and Rubin 1992) values were less than 1.01. Sampling was controlled using an 133 

adaptation delta of 0.99 and a maximum tree depth of 20 to ensure adequate convergence. 134 

We explored different covariate combinations between depth, waterflow intensity, and GBR region and 135 

compared models using the Leave-One-Out Information Criterion (LOOIC) via the loo package (Vehtari et 136 

al. 2021) in R. We considered models to have comparable predictive accuracy if the difference in Expected 137 

Log Predictive Density (ELPD) was less than twice the standard error (SE) of the difference. Predictors 138 

provided varying levels of predictive support across coral types, and several models demonstrated similar 139 

predictive performance and equivalent Bayesian R2 values (Table S3). Ultimately, we retained the full 140 

model—incorporating initial colony size, survey period, depth, GBR region, and waterflow intensity—to 141 

ensure all theoretically relevant drivers were accounted for within the C~scape framework. This approach 142 

facilitated a consistent comparison of variable importance across the entire community and will allow for the 143 

future incorporation of more data, noting that the regressions reflect a single year of vital rate data. 144 

Coral-level fecundity, 𝐹𝑡+1, defined as the total number of oocytes produced by a colony, was modelled in a 145 

comparable way to growth and survival, as a function of coral size, ln𝐴𝑡 (cm2). This was calculated as the 146 

product of colony size, ln𝐴𝑡, polyp density (𝛿), and oocytes abundance per polyp (𝜓) (Mulla et al. 2024, 147 

Cresswell et al. 2024): 148 

𝐹𝑡+1~𝛿 × 𝜓 × 𝑙𝑛𝐴𝑡 149 

Due to limited data availability for all taxa, this multi-component approach was only employed for tabular 150 

Acropora, Corymbose/Digitate Acropora and Goniastrea/Platygyra.   151 

Polyp density, 𝛿, was assumed to be independent of colony size. Using data described in in (Álvarez‐152 

Noriega et al. 2016b) and provided in (Madin et al. 2023) which measured the polyp density we assigned a 153 

truncated normal distribution for polyp density (𝛿, per 2D projected colony surface area (cm-2)): 154 

𝛿~𝑁̅(𝜇, 𝜎, 𝜃, 𝜔) 155 

We empirically calculated the mean (𝜇) standard deviation (𝜎) lower (𝜃) and upper (𝜔) bounds from the 156 

available data for each of these coral types. This allowed us to capture uncertainty in a way that could be 157 

linked to the Bayesian posterior draws from the other models. We chose to truncate the normal distribution 158 

to prevent sampling from the long tails of the standard normal distribution outside of the available observed 159 

data, thereby ensuring all values remained within a biologically realistic range.  160 

Data for these same coral types were available (Madin et al. 2023) for oocytes per polyp 𝜓, and this was 161 

modelled as a function of coral size, 𝑙𝑛𝐴𝑡 , to account for the transition of corals from non-reproductive to 162 

fecund states. We used a Bayesian hurdle model to separately account for the presence or absence of oocytes 163 

and the subsequent count for fecund polyps. 164 

The hurdle component, determining the probability (pi) of a polyp being fecund, followed a Bernoulli 165 

distribution with a logit link: 166 

𝑏(𝜓)~Bernoulli(𝜋) 167 

logit(𝜋) = 𝛾0 + 𝛾1ln𝐴 + 𝜁𝐻𝑈𝑍 168 

where 𝛾0 is the hurdle intercept, 𝛾1 is the effect of colony size on the of being fecund, and 𝑍 represents the 169 

random effects. 170 

For fecund polyps, the count component (𝜆) followed a log link: 171 

𝜓~Poisson(𝜆)|𝜓~NB(𝜆, 𝜙) 172 

log(𝜆) = 𝛽0 + 𝜁𝑍 173 



In this framework, 𝛽0 represents the expected oocyte count for a fecund polyp at the reference size, and 𝑍 174 

represents the random effects for colonies nested within species. Tabular and Corymbose/Digitate Acropora 175 

were modelled assuming a Poisson distribution, whereas Goniastrea/Platygyra utilised a Negative Binomial 176 

distribution to account for overdispersion, with a gamma(3, 0.5) prior assigned to the shape parameter. 177 

Priors were derived from preliminary fits of simple linear and generalised linear models to the data to derive 178 

informative means for the intercepts and slopes. The specific fixed-effect priors for each coral type were as 179 

follows: 180 

Tabular Acropora: 𝛽0 ~ 𝑁(1.65, 0.1); 𝛾0 ~ 𝑁(−1.83,1.0); 𝛾1~𝑁(0.35,0.5) 181 

Corymbose/Digitate Acropora: 𝛽0 ~ 𝑁(1.8, 0.05); 𝛾0 ~ 𝑁(−7.65,1.0);  𝛾1~𝑁(1.81,0.5) 182 

Goniastrea/Platygyra: 𝛽0 ~ 𝑁(3.98, 0.2); 𝛾0 ~ 𝑁(−2.25,1.0); 𝛾1~𝑁(0.82,0.5) 183 

For all functional types, random effects were specified as: 184 

𝜁~ exp(5) ; 𝜁𝐻𝑈~Student(3, 0, 2.5)  185 

Finally, 8,000 posterior draws from these models were multiplied by 8,000 samples from the empirical 186 

polyp density distributions to allow propagation of fecundity uncertainty into the Integral Projection Model 187 

(IPM). 188 

  189 



1.3. Parameterising early life history 190 

1.3.1. Coral life cycle processes and parameters 191 

Various parameters in Table S 1 relate to transitions in the coral life cycle. C~scape is designed to model the 192 

major life stages and the processes linking them; these are categorised as fecundity, fertilisation, larval 193 

dispersal (connectivity), settlement, survival and growth in the first year, and survival and growth in the 194 

continuous stage (Fig S 1).  195 

 196 

Fig S 1. A schematic representation of the coral life cycle as simulated in the C~scape framework. Major life stages (black-197 
outlined rectangles) and the biophysical processes/parameters linking them (white-outlined rounded boxes). Three major spatial 198 
scales are represented by the large nested rectangular boundaries: the site scale, at which each coral population is simulated, the 199 
cluster scale (at which a cluster of reefs composed of several hundred sites is captured), and the region scale, which accounted 200 
for the influence of larvae from outside of the cluster simulated using C~scape. Transitions between life stages are categorised 201 
into (A) size-dependent fecundity, (B) fertilisation of oocytes to larvae, (C) larval dispersal and connectivity at site and regional 202 
scales, (D) settlement, (E) survival and growth during the first year of life (subject to density-dependent mortality), and (F) 203 
survival and growth within the continuous stage of the IPM. Early life stage icons by Dean Tysdale. 204 

 205 

1.3.2. Fecundity 206 

Details of fecundity functions for the coral groups with detailed empirical data are in the main text.  207 

Given the limited and highly variable empirical data for massive Porites, we applied the fecundity scaling 208 

relationships derived from Goniastrea/Platygyra. We adjusted the Goniastrea/Platygyra function for 209 

massive Porites based on information in the literature which suggested initial size of reproduction was 9 cm 210 

diameter (Rapuano et al. 2023). For the Spawning Pocillopora we followed the calculated in (Tsounis and 211 

Edmunds 2016), to estimate reproductive output of 6,327±1,882 eggs cm-2 (range: 4,158–7,524). These 212 

values were used to generate a truncated normal distribution to simulate egg production across the size 213 

range, with maturity set at 12 cm diameter (Tsounis and Edmunds 2016, Rapuano et al. 2023). For brooding 214 

Pocilloporidae, annual planulae production was estimated by integrating monthly release data assuming a 215 

six-month reproductive window. Assuming a mean mature colony size of 20 cm diameter (314 cm2), we 216 

derived a reproductive output of 68 larvae cm-2 (21,498±3,522 per colony). Reproductive onset for this 217 

group was parametrised at 5 cm diameter. 218 



 219 

Fig S 2. Reproductive output as a function of colony size across coral types. Colony-level fecundity (total oocytes (or larvae in 220 
the case of the brooding coral) produced) as a function of colony diameter for the six coral types (modelled as log-colony area 221 
(cm2), shown in diameter for ease of interpretation). For tabular Acropora, corymbose Acropora, and massive 222 
Goniastrea/Platygyra, fecundity was estimated by integrating Bayesian hurdle models of oocyte density (oocytes per polyp as a 223 
function of colony area) with truncated normal distributions of polyp density (cm-2). For spawning Pocillopora, brooding 224 
Pocilloporidae and massive Porites, reproductive output was derived from parameters in the literature. Solid lines represent 225 
mean posterior predictions or the mean, and shaded areas indicate the 95% credible intervals. 226 

 227 

1.3.3. Fertilisation  228 

Information of fertilisation success in broadcast-spawning corals suggested high variability with limited 229 

field measurements. Estimates ranged from 5% to 95% depending on taxa, sperm concentration, colony 230 

proximity, and hydrodynamic conditions (Tsounis and Edmunds 2016, Dela Cruz and Harrison 2020, 231 

Mumby et al. 2024). For instance, Acropora millepora and A. tenuis showed fertilisation rates of ~8% at low 232 

sperm concentrations, rising to >97% at higher densities (Dela Cruz and Harrison 2020). Similar variability 233 

was observed in merulinid species such as Favites colemani (28.4% to 95.2%) and the Orbicella species 234 

complex (Levitan et al. 2014). We applied mid-range fertilisation probabilities of 0.3 for Acropora species, 235 

0.2 for spawning Pocillopora and Goniastrea/Platygyra, and 0.1 for massive Porites.  236 

To account for the arrival of settlers from external reef sources—for which we obtained oocyte count data—237 

we defined an additional parameter to describe the probability of an external egg surviving to settlement. 238 

Within the Cscape framework, this was captured in the connectivity modelling via a daily mortality (Fig S 239 

1); however, for external larvae, we assumed a minimum travel time of seven days to reach the reef cluster. 240 

Over this period, the same daily mortality rate of 0.4 was applied (0.67). The resulting total probability for 241 

external settlement ranged from 0.0028 to 0.0084 across the five spawning functional types, while brooding 242 

Pocilloporidae were assigned a value of 0, assuming recruitment was primarily driven by internal or 243 

immediate local supply. 244 

 245 

 246 

 247 



1.3.4. Survival and growth to 1-year old 248 

Benthic marine organisms typically exhibit Type III survivorship curves (Gosselin and Qian 1997, Hunt and 249 

Scheibling 1997, Doropoulos et al. 2022), characterised by very high mortality immediately following 250 

settlement which decreases as individuals increase in size. Empirical studies on the GBR and globally report 251 

first-year survivorship of <1% (Sato 1985, Babcock and Mundy 1996, Raymundo and Maypa 2004, Suzuki 252 

et al. 2024). However, recent studies on the GBR utilising various settlement substrates have recorded 253 

higher mean survival rates; for instance, Acropora tenuis exhibited proportional survival between 2-7% after 254 

approximately one year (Randall et al. 2021, 2023) and up to 2% (Doropoulos et al. 2019). Given the high 255 

spatial variation in post-settlement mortality (Doropoulos et al. 2016, 2022), we parameterised the transition 256 

from the discrete ‘settler’ state to the continuous stage of the integral projection models using 2% (0.02) 257 

survival. This value reflects the consensus regarding the intense post-settlement bottleneck observed in the 258 

region while aligning with recent empirical measurements, but we acknowledge high uncertainty in this 259 

parameter.  260 

 261 

Fig S 3. Size frequency distributions of newly observed coral recruits assumed to be approximately 1-year old across six coral 262 
types. Data represent individuals recorded within juvenile quadrats (<30 mm diameter) in 2022 that were not present in 2021. 263 
Grey bars indicate the observed density of colony diameters (cm). Coloured lines represent a fitted normal distribution for each 264 
coral type, with corresponding mean and standard deviation (SD) values provided in the top-right corner of each panel. 265 
Functional types include tabular Acropora, corymbose/digitate Acropora, spawning Pocillopora, Goniastrea/Platygyra, massive 266 
Porites and brooding Pocilloporidae. This distribution was used to parameterise the size at which corals enter the continuous 267 
stage of the integral projection models. 268 

 269 

1.3.5. Calculation of density dependent mortality (juvenile cap) 270 

To establish the juvenile density threshold (see main text), we calculated the 99th percentile of juvenile 271 

counts (<5 cm diameter) observed across offshore reef clusters in the EcoRRAP field surveys, resulting in a 272 

total maximum density of 88 juveniles m-2 of available substrate. To partition this aggregate limit among the 273 

six modelled coral types, we first determined the mean density of each group using field-derived transect 274 

data. For the massive Porites group, we applied a correction factor by dividing the observed Porites juvenile 275 

density by three; this adjustment accounts for the high prevalence of encrusting and branching Porites 276 

morphologies in field datasets that do not align with the massive growth forms simulated in the model. 277 

These adjusted densities were subsequently converted into proportional ratios to reflect the relative 278 



taxonomic composition of the juvenile community. By multiplying these proportions by the 88 juveniles m-2 279 

aggregate threshold, we derived type-specific caps that preserve the observed community structure within 280 

the model's ecological limits (Table S 1). This approach ensured that the functional types collectively 281 

represent the broader coral assemblage while remaining grounded in empirical density distributions. 282 

  283 



APPENDIX 2. Model simulations and inputs 284 

 285 

2.1. Representative reefs Study 286 
 287 

Table S 3. Specifications and parameters for representative reefs simulations. Abbreviations are: GBR = Great Barrier Reef; 288 
DHW = Degree Heating Weeks. 289 

Specification Details Parameter value 

Spatial characteristics: 
Location, reef and site 
size, proportion coral 
habitat 

Three representative reefs were simulated in each of the North, 
Central and South regions. Each reef was 40 ha in total area, 
composed of four sites, each which were 10 ha each. 
Each site was parameterised with 85% of the area as ‘coral 
habitat’ (the median across the GBR case study sites), meaning 
the maximum coral cover that may be obtained at a site was 85%. 

Sites per reef: 4 
Reef area: 40 ha 
Site area: 10 ha 
Proportion coral habitat per site: 
85% 
 
 

Site characteristics: 
Environmental 

To represent the range of depth and seabed waterflow intensity 
conditions that occur within reefs (and reflecting those that were 
sampled in the vital rate dataset) each of the four sites in all reefs 
were characterised with different combinations of depth and 
seabed waterflow intensity representing a high and low value for 
both conditions. 

Shallow-Low waterflow: 3m, 0.1m/s 
Shallow-High waterflow: 3m, 0.3m/s 
Deep-Low waterflow: 12m, 0.1m/s 
Deep-High waterflow: 12m, 0.3m/s 

Connectivity 
assumptions 

For simplicity we assumed no connectivity between the four sites. 
To determine a representative parameter for settlement success 
in each site we analysed connectivity matrices for GBR case 
studies (see section 3.2) for spawning corals. These matrices 
describe the probability of a larvae produced at each site 
successfully settling at every other site.  
We had 12 connectivity matrices available, three for each cluster. 
We calculated the column sums of the matrix (settlement 
probability at each receiving site), then took the median of these 
values per matrix.  
To get a single parameter to took the mean (0.0003) of these. 
The brooding Pocilloporidae group was parameterised to have 10 
times higher settlement success in the site of production as a 
reflection of their life history strategy. 

Self-recruitment spawning coral: 
0.0003 
 
Self-recruitment brooding coral: 
0.003 
 

Demographic 
parameters  
 

Growth and survival were predicted as a function of the spatial 
characteristics of the reef and sites -- region (North, Central or 
South), depth and seabed waterflow intensity – via the covariate 
factors in the growth and survival regressions.  

Unique to the region (North, Central 
or South) of the representative reefs, 
and the seabed waterflow intensity 
and depth of the sites. 

Adaptation 
specifications 

Heritability has been investigated in many studies across different 
species and locations, and generally it tends to 0.3 for large 
sample sizes. Thermal tolerance classes were assigned based on 
computational requirements as well as representation of current 
and likely future distributions. The range matches the one 
investigated in Bozec et al. (2025) for the upper limit DHW=8, 
while the lower limit has been adjusted to reduce the amount of 
thermal classes. The minimum of DHW=-5 was chosen as this 
represents 95% of the current range (Humanes et al, 2022) and 
overall thermal tolerance is not likely to reduce in the future. The 
starting distribution of heat tolerances was assigned based on a 
30-day temperature stress test experiment (Humanes et al, 2022).  

Heritability: 0.3 
Thermal tolerance classes: 
Minimum: 5DHW 
Maximum: 8DHW 
(14 tolerance classes total) 
Initial heat tolerance:  
mean= 0; S.D.= 1.91 

Disturbance regime  Simulations were run for each of the three representative reefs 
for 50 years. Following an undisturbed period of 20 years, a 
heatwave disturbance was parameterised every 10 years so that 
the dynamics of impact and recovery could be explored. 

Simulations run for 50 years.  
Disturbance timing: year 20, 30, 40 
and 50.  
Disturbance magnitude: 8DHW 
 

Initialisation All scenarios were initialised with equal coral cover, split equally 
across the six coral types.  

Initial total coral cover: 5% 

2.2. GBR case studies 290 

 291 

2.2.1. Spatial context 292 

 293 

In the representative reefs study, we simulated a theoretical reef for each region; for the GBR case studies, 294 

we selected clusters of reefs grouped together spatially. We focussed on offshore reefs, as distinct from 295 

inshore reefs which tend to be more turbid and subject to other stressors such as water quality which were 296 

not considered here. The selection of case studies was guided by the location where EcoRRAP vital rate data 297 

on growth and survival was collected, and whether long-term monitoring was conducted in at least two reefs 298 



in the chosen cluster by the Australian Institute of Marine Science Long-Term Monitoring Program (LTMP) 299 

Table S 11. 300 

 301 

 302 

Fig S 4. Spatial context of the Great Barrier Reef case studies and data acquisition. North, central, and southern regions are 303 
shown in panels alongside a map of Queensland, Australia. Within these regions, four reef clusters were selected as case studies: 304 
two in the north, and one in each of the central and southern regions. Reefs modelled in the C~scape framework are coloured 305 
black, with rectangular polygons indicating cluster boundaries. Underneath each cluster name, individual simulated reef names 306 
are listed; symbols next to these names indicate if they are an Australian Institute of Marine Science Long-Term Monitoring 307 
Program (LTMP) reef (blue circle) or a location where vital rate data (EcoRRAP) was collected (orange plus). The total number 308 
of sites simulated in the C~scape framework is denoted by n. Reefs where vital rate data (EcoRRAP) were obtained but were not 309 
inside the case study cluster are named in orange text.  310 

 

  311 



2.2.2. Reef partitioning to sites 312 

Reef boundaries were determined using a publicly available geomorphic zonation map (GBRMPA, 2021) 313 

that depicted features such as reef crests, slopes, flats, and lagoons (Roelfsema et al., 2021). This mapping 314 

extended to ~20 m depth and was generated via machine learning (random forest classifier) using Sentinel-2 315 

imagery (10 m pixels) and physical attributes (depth, slope, wave environment), followed by expert-driven 316 

contextual editing  (Lyons et al., 2020).  317 

It is well established that different geomorphic zones are formed by distinctive environmental conditions 318 

(Done, 1982). Consequently, coral community composition and dynamics are generally more similar within 319 

geomorphic zones than between them. Following the recommendations of Kennedy et al. (2021), we only 320 

considered the zones that are expected to have predominantly hard substrate — Reef Slope, Reef Crest, 321 

Outer Reef Flat and Sheltered Reef Slope — as these are areas we expect appropriate habitat and conditions 322 

for corals to grow (description in table S1, Roelfsema et al., 2021).  323 

To simulate spatially varying processes (e.g., connectivity, depth), each geomorphic zone was partitioned 324 

into smaller units. We first pixelated zones into hexagonal cells (~20 m diameter) using the H3 geospatial 325 

indexing system (resolution 12) via the package h3 (Cooley and Shao 2023). These hexagons were merged 326 

using a step-wise spanning tree approach. Delaunay triangulation was employed to identify proximal 327 

hexagons, bridging gaps between distant reef areas. Vertices were weighted based on Euclidean distance and 328 

depth differences. A minimum spanning tree (MST) identified the path that connected all hexagons while 329 

minimising depth variation (mst() function in the sfnetworks package (Van der Meer et al. 2024) in R 330 

software). Finally, cluster analysis divided hexagons into groups along the MST path using the skater 331 

package (Turner et al. 2022). The goal was to obtain sites of similar area to the RECOM grid size (used for 332 

connectivity and temperature downscaling within reefs) of approximately 62,500 m. 333 

Sites were further characterised by overlaying polygons on a 10×10 m bathymetric map 334 

(https://www.eomap.com/) to assign median depth. Waterflow intensity was assigned from SWAN model 335 

outputs (Callaghan et al. 2015) (‘ubed mean’ https://espace.library.uq.edu.au/view/UQ:8246441). Benthic 336 

category maps (Roelfsema et al. 2020) were used to calculate the actual proportion of 3D surface area that is 337 

available for coral colonisation. In this mapping product, each 10×10 m pixel is classified as one of four 338 

benthic categories: Sand, Rubble, Rock, Coral/Algae. Site polygons were overlaid on the benthic map and 339 

the number of pixels of each of the four categories were used to determine the proportion of suitable habitat 340 

for corals by assuming Sand and Rubble were not appropriate substrates. Although each 10×10 m pixel is 341 

assigned a specific type of benthic cover48, this does not imply that each pixel consists entirely of the 342 

assigned benthic type. Instead, this assignment indicates the predominant cover within a given pixel (having 343 

largest proportional cover), yet other benthic types could be present. Therefore, in this study we assumed 344 

that 90% of any pixel classified as Coral/Algae or Rock was potential coral habitat, whereas pixels classified 345 

as Sand or Rubble were assumed to only be 10% potential coral habitat.  346 

Each site has a two-dimensional (2D) area according to the boundaries of its polygon. However, many parts 347 

of a reef are sloping, and therefore may have larger area than captured by the planar area. Therefore, a three-348 

dimensional (3D) area was calculated for each site using a “surface-to-horizontal-area ratio” derived from 349 

the slope value estimated for each pixel. Slope was estimated by using a local gradient method (3×3 m 350 

window) from the bathymetric map. The slope-adjusted surface area, i.e., 3D surface area, was calculated 351 

using the trigonometric formula for all pixels within a site.  352 

A3D = A2D / cos (slope) 353 

where slope is expressed in radians. 354 

The final 3D area per site was then calculated as the 2D area times the calculation of 2D to 3D ratio based 355 

on the average slope of pixels. 356 

For each of the four clusters, a variable number of sites was delineated (Fig S 4, Fig. S12) with total 357 

modelled reef areas within the four clusters ranging from 1812−4959 hectares. Once the characterisation of 358 

coral habitat is considered this translates to a maximum possible coral cover that could theoretically be 359 

achieved on these reefs ranging from 1432-2895 hectares. 360 

https://www.eomap.com/
https://espace.library.uq.edu.au/view/UQ:8246441


 361 

Fig S 5. Characterisation of sites in the Great Barrier Reef case study clusters. Reef clusters were selected across the north, 362 
central, and southern regions of the Great Barrier Reef (Fig S 4). Case study regions are in descending latitudinal order in rows: 363 
Lizard Island Cluster and Moore Reef Cluster (North), Davies Reef Cluster (Central), and Heron Island Cluster (South). Each 364 
cluster is partitioned into reef sites, with columns illustrating the spatial distribution of key environmental variables: coral habitat 365 
(%), median depth (m); and waterflow intensity (m/s).  366 



 367 

2.2.3. Connectivity 368 

 369 

Step 1  370 

We required a hydrodynamic model that could capture fine-scale hydrodynamics that influence larvae 371 

dispersal or retention to a reef.  372 

We used hydrodynamic model (SHOC, driven by RECOM—Relocatable Coastal 373 

Model (https://research.csiro.au/ereefs/models/models-about/recom/, (Herzfeld 2009; Steven et al. 2019), 374 

using a rectilinear grid with a spatial resolution of 200–250 m, nested this within a subset of the 1 km grid 375 

hydrodynamic model (GBR-1 version 2.0), of the Great Barrier Reef Marine Park (Steven et al. 2019). This 376 

setup provided hourly 2D and 3D velocity fields at the fine spatial scale, while accounting for the larger 377 

scale processes captured by the 1 km model. Detailed methods are available in (Ani et al. 2024). 378 

Hydrodynamic modelling was conducted for the period from October to January for 2015, 2016 and 2017.  379 
 380 
Step 2  381 

Larval dispersal was simulated using OceanParcels (Delandmeter and Van Sebille 2019), a Lagrangian 382 

ocean analysis tool that can be used to create customisable particle tracking simulations using velocity 383 

outputs from hydrodynamic models.   384 

For the connectivity application the most likely spawning times and days were identified, and particle 385 

tracking was simulated during this time. Therefore, we used the hydrodynamic outputs for the 10-day period 386 

following three estimated annual mass-spawning night in 2015 and 2016 and split-spawning in 2017 (Table 387 

1). Split spawning occurs when the annual reproductive event of a coral population is divided over two 388 

consecutive months, instead of a single synchronised spawning event. Coral mass spawning usually occurs 389 

around the spring-summer transition and peaks 4–6 days after the full moon, but varies depending on the 390 

reef location, the timing of the full moon and other environmental conditions. Spawning days were 391 

identified as: 2015 - November 30, December 1 and 2; 2016 - November 18, 19 and 20; 2017 - November 8, 392 

9 and 10, December 8, 9 and 10. Passive particles were released from random locations within the site 393 

polygons of each reef cluster (see fig 9. (Ani et al. 2024)) every 27 sec from 8:00 pm to 11:00 pm, at 2.25 m 394 

below the surface during each spawning day. In each of the spatial polygons, 401 particles were released 395 

every spawning day. This equates to, for example for Moore Reef Cluster, a total 133,934 of virtual larvae 396 

released within the cluster domain every spawning day.  397 
 398 
The particle tracking model was run for a duration of 10 days with a 3-minute time step but driven by hourly 399 

water velocities from the hydrodynamic model. The released particles were tracked over time, and their 400 

location was updated every 15 min until the end of the simulation. Although water velocities were calculated 401 

on a grid resolution of approximately 250 m, the Lagrangian particle tracking was not limited to a grid and 402 

hence locations to be tracked at a sub grid-scale resolution.   403 
 404 
Step 3 – Post processing  405 

Larvae were assumed to be neutrally buoyant and competent to settle between 4 and 10 days after spawning. 406 

Processes such as larval mortality are highly variable and poorly characterised. Here we followed 407 

assumptions in (Grimaldi et al. 2022, Ani et al. 2024). Based on data from larval rearing experiments and in-408 

situ decreases in abundances of larvae following spawning (Heyward et al. 2002; Gilmour et al. 2009, 409 

Connolly and Baird 2010) we applied a constant daily mortality rate of 0.40 d−1 implemented across 15-410 

minute timesteps. This equates to a mortality rate of approximately 0.0053 per timestep (i.e. 0.5% of larvae 411 

are assumed to die during each 15-minute time-step) (Fig S 6).  412 

We developed the post-processing approach in (Ani et al. 2024) which assumed that larvae settled 413 

immediately upon encountering the first suitable site polygon during the competency window. The approach 414 

used here incorporates greater ecological realism by accounting for both the stochastic nature of settlement 415 

and probabilistic mortality throughout the competency period. Under this approach, larvae do not 416 

automatically settle upon contact; instead, the probability that larvae successfully settle when positioned 417 

over a reef site during the competency window was set at 0.01 per 15-minute timestep. This settlement 418 

threshold was selected to reflect that not all larvae encounter suitable micro-habitats or successfully 419 

transition from the water column upon first contact with a reef area, and was loosely informed to give a 420 

https://research.csiro.au/ereefs/models/models-about/recom/


cumulative settlement probability that aligned with those presented in fig. 3 (Randall et al. 2024) for 421 

Acropora species. 422 

 423 

Step 4 – Transition probability matrix  424 

The post-processed settlement data were used to compute a connectivity (or transfer probability) matrix 425 

among sites for each night and year of spawning. Connection strength between source and sink sites was 426 

defined as the proportion of larvae released at a source site that successfully settled at a sink site. The sum of 427 

each row in the matrix is ≤ 1, reflecting the total proportion of larvae released from a site that settle on one 428 

or more other reef sites. In contrast, the sum of each column can exceed 1, as it represents the cumulative 429 

arrival of larvae from multiple source sites: For example, a sum of 1.5 would indicate that the total number 430 

of larvae arriving at the site in question was 150% of the number of larvae released from any one site, and 431 

this might be a collection point for larvae from many sites.  432 

For the simulations in this study, we averaged connectivity matrices across the spawning nights. We used 433 

data from three different years and cycled through these years in the C~scape simulations, except for the 434 

Lizard Island cluster. Due to extremely low connectivity in two of the three years for this cluster, we used 435 

only the 2016 matrix for Lizard Island.  436 

 437 

 438 



 439 
Fig S 6. Larval survival and settlement dynamics modelled at 15-minute resolution over a 10-day period under several scenarios. 440 
(a) Cumulative probability of a larva remaining alive, assuming a constant daily mortality rate of 40% from the time larvae are 441 
released. (b) Cumulative probability of settlement for larvae that are unable to settle during the first 3 days (pre-competency 442 
period) but can settle thereafter with a per-timestep settlement probability of 0.01 when they are above the simulated reef area. (c) 443 
Cumulative settlement probability for a scenario identical to (b), except larvae are presumed to be in the open ocean every second 444 
day after day 3, during which settlement cannot occur. (d) Cumulative settlement probability for a scenario where larvae spend 445 
days 5–8 off the reef (settlement prohibited) but are assumed to be above the reef on all other days. (e) and (f) show results for a 446 
scenario in which the initial larval cohort consists of 10 million individuals: (e) shows the expected number of larvae settling per 447 
15-minute timestep (alive × settlement probability), and (f) shows the cumulative number of larvae settled across the 10-day 448 
period, integrating mortality and settlement processes across all timesteps. In all panels, settlement is possible only when larvae 449 
are assumed to be above reef habitat, mortality is applied continuously through time, and the x-axis represents days since release. 450 

 451 

 452 

 453 

 454 



 455 

Fig S 7. Connectivity as the probability that larvae spawned at one site are transported, survive, and successfully settle at 456 
another. Values shown are the mean across the three modelled years, except for the Lizard Island Cluster, where only 2016 is 457 
shown due to extremely low connectivity in the other years. Left panels show histograms of non-zero transition probabilities 458 
(including self-recruitment) on a log₁₀ scale (the proportion of zero transitions which are not show here is given in the top right of 459 
the plot). Right panels visualise the relative strength of connections between sites. On the log₁₀ scale, probabilities can be 460 
interpreted as follows: if 10 million (1×10⁷) larvae are produced at a site, and the connectivity probability to another site is 461 
1×10⁻⁶, then 10 larvae will successfully arrive and settle at the receiving site. 462 
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2.2.4. Simulation details 464 
Table S 4. Specifications and parameters for GBR case studies. 465 

Specification Details Parameter value 

Spatial characteristics: 
Location, reef and site 
size, proportion coral 
habitat 

Two reef clusters were simulated in the north, and one 
in each of the central and southern GBR regions 
 

Lizard Island Cluster (North)  
Reefs within cluster: 9  
Sites within cluster: 272  
Total 3D reef area (ha): 
 1812 Total 3D coral habitat area (ha): 1432 
Moore Reef Cluster (North)  
Reefs within cluster: 5 
Sites within cluster: 334 
Total 3D reef area (ha): 2396 
Total 3D coral habitat area (ha): 1796 
Davies Reef Cluster (Central)  
Reefs within cluster: 8 
Sites within cluster: 446 
Total 3D reef area (ha): 3551 
Total 3D coral habitat area (ha): 2583 
Heron Island Cluster (South)  
Reefs within cluster: 5 
Sites within cluster: 583 
Total 3D reef area (ha): 4959 
Total 3D coral habitat area (ha): 2895 

Demographic 
parameters  
 

Growth and survival were predicted as a function of 
the spatial characteristics of the reef and sites -- region 
(North, Central or South), depth and seabed waterflow 
intensity – via the covariate factors in the growth and 
survival regressions.  

Unique to the region (North, Central or South) 
of the representative reefs, and the seabed 
waterflow intensity and depth of each sites. 

Regional variation in 
coral cover at time of 
demographic survey 

A site-specific scale, di,t, is applied in the application of 
density dependence (equation (4) main text) and 
requires a parameter on the coral cover at the time 
demographic data was collected to account for the 
influence this may have on observed growth rates. 

Assumed carrying capacity at EcoRRAP sites: 
90% total coral cover. 
Coral cover 2021 North: 21.2 
Coral cover 2021 Central: 24.4 
Coral cover 2021 South: 40.1 

Adaptation 
specifications 

Heritability has been investigated in many studies 
across different species and locations, and generally it 
tends to 0.3 for large sample sizes. Thermal tolerance 
classes were assigned based on computational 
requirements as well as representation of current and 
likely future distributions. The range matches the one 
investigated in Bozec et al 2025 for the upper limit 
DHW=8, while the lower limit has been adjusted to 
reduce the amount of thermal classes. The minimum 
of DHW=-5 was chosen as this represents 95% of the 
current range (Humanes et al, 2022) and overall 
thermal tolerance is not likely to reduce in the future. 
The starting distribution of heat tolerances was 
assigned based on a 30-day temperature stress test 
(Humanes et al, 2022).  

Heritability: 0.3 
Thermal tolerance classes: Minimum—5DHW 
Maximum = 8DHW 
(14 tolerance classes total) 
Initial heat tolerance:  
mean= 0; S.D.= 1.91 

Disturbance regime  Multi-model GCM ensembles, in which each model 
provides quasi-independent estimates of future 
climate, are commonly used to represent structural 
uncertainty (Qian et al. 2016). For each case study, 30 
scenarios across 20 stochastic realisations were run 
under three shared socioeconomic pathways and 10 
Global Climate Models (GCMs). 

SSPs: SSP1-2.6, SSP2-4.5, SSP3-7.0 
 
GCMs: CNRM-ESM2-1, EC-Earth3-Veg, IPSL-
CM6A-LR, MRI-ESM2-0, UKESM1-0-LL, GFDL-
ESM4, MIROC-ES2L, MPI-ESM1-2-HR, MIROC6, 
NorESM2-LM 

Initialisation Simulations were initialised based on the total coral 
cover recorded in the AIMS LTMP manta tow 
observations from the starting year of the hindcast 
(2008) from reefs within the simulated clusters that 
had LTMP data. Coral type composition was informed 
from the fixed-position transects 
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2.2.5. Acute disturbance scenarios – Thermal stress 468 

These SST projections were available at coarse spatial resolution (80-500km), but downscaled to 10 km 469 

resolution using semi-dynamical shelf-sea modelling (McWhorter et al. 2022). Annual maximum Degree 470 

Heating Weeks (DHW) were computed from the SST projections.   471 

A major uncertainty in climate projections is how sensitive global warming is to greenhouse gas emissions. 472 

Equilibrium Climate Sensitivity (ECS), which measures the temperature rise from a sustained doubling of 473 

CO₂, helps compare climate models. This selection of climate models span a range of climate sensitivities 474 

(Bozec et al. 2025). 475 

 476 

 477 

Fig S 8. Average Degree Heating Weeks (DHW) projections for each Great Barrier Reef case study (panels) and each Shared 478 
Socioeconomic Pathway (coloured lines and ribbons). Solid lines indicate the ensemble mean for each Shared Socioeconomic 479 
Pathway (SSP), representing the average across all contributing climate models and site-specific realisations. Shaded ribbons 480 
represent the 95% confidence interval, illustrating the degree of uncertainty and spread between different climate model 481 
projections.  482 

 483 



 484 

Fig S 9. Degree Heating Weeks (DHW) projections for each Great Barrier Reef (GBR) case study (panels) and each Shared 485 
Socioeconomic Pathway (coloured lines and ribbons). Panels are organised with Shared Socioeconomic Pathways (SSPs) as 486 
columns and the 4 GBR case studies as rows. Within each panel, light grey lines represent individual realisations (n=20) of each 487 
Global Climate Models (n=10). Dark grey lines denote the mean trajectories of each climate model (n= 10), with letter indicating 488 
the starting letter of the specific climate model. The bold, coloured lines represent the multi-model ensemble mean for each 489 
scenario.  490 

 

We further downscaled future thermal stress from the reef level to the individual site level (~250 m), using 

high-resolution hindcasts from the eReefs RECOM model (Steven et al. 2019). This was done for the period 

from 1 November in the preceding year through to 30 April in the years 2016, 2017 and 2020 (i.e., years 

with the historically higher acute thermal stress) for each of the four GBR case studies. Sea surface DHW 

was modelled, as depth was handled separately in the coral mortality functions (Fig S 29). 

 

We overlaid the C~scape reef sites onto the RECOM grid (~250x250m) and assigned each site with the 

closest RECOM grid value. 

For each site, i within a reef, we calculated the residual deviation, 𝑅𝑖,𝑦, for each year, y, from the reef-wide 

mean DHW (𝐷𝐻𝑊𝑟𝑒𝑒𝑓,𝑦). 

𝑅𝑖,𝑦 = 𝐷𝐻𝑊𝑖,𝑦 − 𝐷𝐻𝑊𝑟𝑒𝑒𝑓,𝑦 

Preliminary data analysis suggested that the spatial variability scaled with increasing heat stress; we 

therefore fitted a global logarithmic relationship between the site residuals and reef-level DHW across all 

clusters: 

|𝑅| = 𝑎0 + 𝑎1 log(𝐷𝐻𝑊𝑟𝑒𝑒𝑓) 



Where 𝑎0 and 𝑎1 are the estimated parameters (𝑎0 = 0.301, 𝑎1 = 0.109).  

To preserve site-specific spatial characteristics, we derived a modifier (𝑏𝑖) representing the relative deviation 

of a site's observed residual from the globally predicted mean residual: 

𝑏𝑖,𝑦 =
𝑅𝑖,𝑦 

𝑎0 + 𝑎1 log(𝐷𝐻𝑊𝑟𝑒𝑒𝑓,𝑦)
 

For each site, we calculated the mean modifier, 𝑏𝑖, across the three RECOM years. Site-level DHW was then 

calculated annually as: 

𝐷𝐻𝑊𝑖,𝑡 = 𝐷𝐻𝑊𝑟𝑒𝑒𝑓,𝑡 + 𝑏𝑖(𝑎0 + 𝑎1 log(𝐷𝐻𝑊𝑟𝑒𝑒𝑓,𝑡)) 

 
Fig S 10. Spatial downscaling of reef-level thermal stress. The reef-level average annual maximum Degree Heating Weeks 491 
(DHW) value is translated into site-specific values (colour gradient) based on analysis on RECOM modelling during historical 492 
bleaching events. The spread of DHW across sites that would result for (a) the Moore Reef and (b) the Heron Island Cluster is 493 
shown for a 4 DHW event (left) and an 8 DHW event (right).  494 



 495 

Fig S 11. Degree Heating Weeks (DHW) projections averaged to the site level across Global Climate Models and realisations for 496 
each cluster and each Shared Socioeconomic Pathway. 497 

 498 

 499 

2.2.1. Acute disturbance scenarios – Cyclones 500 

The cyclone exposure at each reef in each year was determined with the approach used in (Bozec et al. 2022, 501 

Cresswell et al. 2024) and all sites within a reef received the same cyclone category value. Past exposure to 502 

cyclones for all GBR reefs was derived from sea-state predictions of wave height (Puotinen et al. 2016). The 503 

potential for a coral-damaging sea state (wave height >4 m) was determined using a map of wind speed 504 

every hour within 4 km pixels across the GBR for cyclones between 2008 and 2024. Any reef containing a 505 

combination of wind speed and duration capable of generating >4 m waves, assuming sufficient fetch, was 506 

scored as positive for potential coral-damaging sea state in the respective year. In these cases where 507 

damaging waves were predicted, an estimate of cyclone category was deduced from the distance to the 508 

cyclone track extracted from the BoM historical database (http://www.bom.gov.au/cyclone/tropical-cyclone-509 

knowledge-centre/understanding/tc-info/) 510 

http://www.bom.gov.au/cyclone/tropical-cyclone-knowledge-centre/understanding/tc-info/
http://www.bom.gov.au/cyclone/tropical-cyclone-knowledge-centre/understanding/tc-info/


 

Fig S 12. Cyclone events by reef across Great Barrier Reef (GBR) case studies. Annual projections of cyclone intensity 511 
(Categories 0–5) across the simulated time period. Panels represent the four GBR case studies (rows), arranged latitudinally. 512 
Within each panel, individual points represent discrete cyclone realisations (n = 20), jittered to illustrate the frequency and 513 
magnitude of events. Points are coloured according to individual reefs within each case study. The black line represents a cluster-514 
wide mean intensity per year. Within this modelling framework, cyclone trajectories are treated as a stochastic disturbance 515 
regime that remains stationary across all Shared Socioeconomic Pathways (SSPs) and Global Climate Models (GCMs). 516 

 517 

2.2.1. Acute disturbance scenarios – Crown-of-Thorns starfish 518 

The projected density of adult COTS individuals per hectare (10,000 m2) was obtained for each reef and 519 

year from output from the ReefMod-GBR (v7.2) simulations (Fig S 13). 520 



 521 
Fig S 13. Adult Crown-of-Thorns-Starfish (COTS) density by Shared Socioeconomic Pathway (SSP) and Great Barrier Reef 522 
(GBR) case study. Projections of adult COTS density arriving to reefs per hectare as simulated by ReefMod-GBR. Within each 523 
panel, light grey lines represent individual realisations (n = 20 replicates x 10 Global Climate Models) across all reefs within the 524 
cluster. The bold, coloured lines represent the multi-model ensemble mean for each scenario.  525 
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APPENDIX 3.  Supplementary results and discussion 527 

 528 

3.1. Growth and survival regression analysis 529 

We identified six distinct coral types on the Great Barrier Reef (GBR) for which demographic data were 530 

sufficient to build IPMs describing growth and survival as a function of coral size and environmental and 531 

spatial gradients: ‘tabular Acropora’, ‘corymbose/digitate Acropora’, ‘spawning Pocillopora’, ‘brooding 532 

Pocilloporidae’, ‘Goniastrea/Platygyra’ and ‘massive Porites’ (here, ‘massive’ denotes a rounded 533 

morphology, also encompassing ‘sub-massive’ forms (Pratchett et al. 2015), Table S1). Vital rate data were 534 

obtained by tracking individual colonies over an approximate 1-year interval in 2021-2022 (a period of low 535 

thermal and cyclonic disturbance at the monitoring sites). In total, annual measurements of planar area from 536 

9621 coral colonies were suitable for analysis, with sampling occurring in three GBR regions (north, central, 537 

south) on mid-shelf and offshore reefs (Fig S 4). We statistically modelled growth and survival of each coral 538 

group as a function of coral size (log planar area in cm2), GBR region, site depth and waterflow intensity 539 

(Table S2).  540 

Strong differences in coral growth and survival rates were evident across the six coral types, with initial 541 

coral size being the strongest influence on these vital rates (main text Figure 2b, Fig S 14). This was 542 

particularly the case for growth (Fig S 14a), which was expected as initial size as planar area acts as a 543 

structural variable that intrinsically predicts a final size more similar to its initial size. Annual growth was 544 

highest in tabular Acropora, followed by corymbose/digitate Acropora, and then the two Pocilloporidae 545 

groups. The slowest growth rates were observed in Goniastrea/Platygyra and massive Porites (Fig S 14a). 546 

While growth generally increased with colony area, this plateaued for some of the largest colonies, which 547 

tended toward stasis or negative growth (partial mortality) (Fig S 14a, S3). Survival varied across coral 548 

types, with highest survival for the Platygyra/Goniastrea and massive Porites coral types (Fig S 14b). These 549 

differences in growth and survival across were generally consistent with other studies of coral demography 550 

on the GBR (Pratchett et al. 2015, Ferrari et al. 2017, Doropoulos et al. 2025a). 551 

Analysis of standardised effect sizes showed the magnitude and direction of influence of environmental and 552 

spatial variables relative to initial colony size (Fig S 15a). The magnitude of the effects of depth, waterflow 553 

intensity and GBR region on growth were comparatively minor relative to initial coral size. However, the 554 

standardised effect magnitude of geographic region on survival rivalled that of size for several groups, 555 

including massive Porites and brooding Pocilloporidae, for which survival was higher in northern and 556 

central regions than the southern region, supported by the 80% Highest Posterior Density Interval (HPDI)—557 

the range containing the most likely parameter values—which did not overlap zero (Fig S 15b, S4). There 558 

was also an indication of this for tabular Acropora for which the survival predictions were lower in the 559 

southern region. Growth performance also varied across the GBR regions, with tabular Acropora growing 560 

faster in northern regions compared to central and southern reef clusters (Fig S 15). Similar directional 561 

trends were noted for corymbose/digitate Acropora and both Pocilloporidae groups, though these patterns 562 

were characterised by higher posterior uncertainty (Fig S 15).  563 

Increased depth was correlated with reduced growth for tabular Acropora, Goniastrea/Platygyra, and 564 

massive Porites (80% HPDI excludes zero, Fig S 15). Brooding Pocilloporidae had lower survival at greater 565 

depth, while other coral groups (the Acropora and spawning Pocillopora) also exhibited negative 566 

directionality but there was more uncertainty about this negative effect (Fig S 15). Only massive Porites 567 

showed weak evidence (80% HDCI crossed zero) of higher survival at depth.  568 

Waterflow intensity was also linked to vital rate variation; higher waterflow was associated with lower 569 

growth in both spawning and brooding Pocilloporidae and correlated with reduced survival for 570 

Goniastrea/Platygyra. 571 



 572 

Fig S 14. Predicted annual growth and survival across sizes for six coral types. (a) Growth is represented as the annual change 573 
in colony diameter, where the dashed horizontal line indicates zero net growth. (b) Survival is represented as the annual 574 
probability of survival (0–1). Points represent the posterior medians, and error bars represent the 95% Highest Posterior Density 575 
Intervals (HPDI). Predictions are for the central GBR, at approximately mid-range values of depth (7 m) and waterflow (0.2 m/s). 576 
Size classes for each functional type are truncated based on the maximum observed diameter simulated in the C~scape 577 
framework. Coral types are distinguished by colour as indicated in the legend. 578 
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Table S 5. Comparison of candidate Bayesian hierarchical models for coral growth rates across six coral types. Models are 580 
ranked by Leave-One-Out Information Criterion (LOOIC), where lower values indicate better expected out-of-sample predictive 581 
performance. The ‘base’ model includes colony size, survey time period, and hierarchical random effects (Reef, Site, Plot) (see 582 
Predictor variables Table S 2). ΔELPD represents the difference in Expected Log Predictive Density between a model and the 583 
top-ranked model, with SE(ΔELPD) providing the standard error. Bayes R2 summarises the proportion of variance explained by 584 
each model. Bold text indicates the model that was used in the C~scape simulations. 585 

GROWTH MODELS      

Coral type Model form LOOIC ΔELPD SE(ΔELPD) Bayes R² 

Tabular Acropora base + region*size + depth 1022.7 0.00 0.00 0.95 

Tabular Acropora base + region*size + exposure + depth 1024.4 -0.86 0.42 0.95 

Tabular Acropora base + region*size + exposure 1025.0 -1.19 1.61 0.95 

Tabular Acropora base 1026.5 -1.91 3.51 0.94 

Tabular Acropora base + region*size 1026.8 -2.06 2.05 0.95 

Corymbose/ Digitate Acropora base + region*size + exposure + depth 1205.1 0.00 0.00 0.92 

Corymbose/ Digitate Acropora base + region*size + depth 1205.7 -0.32 0.26 0.92 

Corymbose/ Digitate Acropora base + region*size + exposure 1206.2 -0.58 0.49 0.92 

Corymbose/ Digitate Acropora base + region*size 1206.4 -0.69 0.77 0.92 

Corymbose/ Digitate Acropora base 1231.9 -13.44 6.43 0.91 

Spawning Pocillopora base + region*size + exposure -313.6 0.00 0.00 0.90 

Spawning Pocillopora base + region*size + exposure + depth -311.7 -0.94 0.29 0.90 

Spawning Pocillopora base + region*size + depth -306.2 -3.70 1.73 0.90 

Spawning Pocillopora base + region*size -305.3 -4.14 1.92 0.90 

Spawning Pocillopora base -299.2 -7.18 4.56 0.90 

Platygyra/Goniastrea base + region*size + depth -1071.3 0.00 0.00 0.98 

Platygyra/Goniastrea base + region*size + exposure + depth -1069.9 -0.70 0.57 0.98 

Platygyra/Goniastrea base + region*size + exposure -1049.1 -11.11 4.58 0.98 

Platygyra/Goniastrea base + region*size -1047.2 -12.07 4.76 0.98 

Platygyra/Goniastrea base -1042.6 -14.35 5.84 0.98 

Massive Porites base + region*size -1541.7 0.00 0.00 0.97 

Massive Porites base + region*size + exposure -1540.0 -0.81 1.22 0.97 

Massive Porites base + region*size + depth -1539.1 -1.28 2.38 0.97 

Massive Porites base + region*size + exposure + depth -1538.7 -1.46 2.31 0.97 

Massive Porites base -1518.6 -11.50 6.66 0.97 

Brooding Pocilloporidae base + region*size + exposure 235.2 0.00 0.00 0.87 

Brooding Pocilloporidae base + region*size + exposure + depth 237.2 -1.03 0.21 0.87 

Brooding Pocilloporidae base + region*size 243.6 -4.20 1.95 0.87 

Brooding Pocilloporidae base + region*size + depth 244.1 -4.45 1.75 0.87 

Brooding Pocilloporidae base 248.2 -6.51 4.31 0.87 

      
 586 
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Table S 6. Comparison of candidate Bayesian hierarchical models for coral survival rates across six coral types. Models are 588 
ranked by Leave-One-Out Information Criterion (LOOIC), where lower values indicate better expected out-of-sample predictive 589 
performance. The ‘base’ model includes colony size, survey time period, and hierarchical random effects (Reef, Site, Plot) (see 590 
Predictor variables Table S 2). ΔELPD represents the difference in Expected Log Predictive Density between a model and the 591 
top-ranked model, with SE(ΔELPD) providing the standard error. Bayes R2 summarises the proportion of variance explained by 592 
each model. Bold text indicates the model that was used in the C~scape simulations. 593 

SURVIVAL MODELS      
Coral type Model form LOOIC ΔELPD SE(ΔELPD) Bayes R² 

Tabular Acropora base + region*size 1331.2 0.00 0.00 0.17 

Tabular Acropora base + region*size + depth 1331.8 -0.31 0.88 0.17 

Tabular Acropora base + region*size + exposure + depth 1333.1 -0.99 1.06 0.17 

Tabular Acropora base + region*size + exposure 1333.8 -1.30 0.74 0.17 

Tabular Acropora base 1344.3 -6.58 4.46 0.16 

Corymbose/ Digitate Acropora base + region*size + exposure + depth 2876.6 0.00 0.00 0.12 

Corymbose/ Digitate Acropora base + region*size + exposure 2876.8 -0.13 0.99 0.12 

Corymbose/ Digitate Acropora base + region*size + depth 2878.0 -0.70 0.81 0.12 

Corymbose/ Digitate Acropora base + region*size 2878.7 -1.05 1.61 0.12 

Corymbose/ Digitate Acropora base 2899.9 -11.69 5.51 0.11 

Spawning Pocillopora base 722.8 0.00 0.00 0.13 

Spawning Pocillopora base + region*size + depth 725.2 -1.18 1.88 0.14 

Spawning Pocillopora base + region*size 725.3 -1.27 1.38 0.14 

Spawning Pocillopora base + region*size + exposure + depth 725.7 -1.43 1.92 0.14 

Spawning Pocillopora base + region*size + exposure 726.5 -1.84 1.46 0.14 

Platygyra/Goniastrea base + region*size + exposure 212.4 0.00 0.00 0.24 

Platygyra/Goniastrea base + region*size 212.9 -0.25 0.99 0.22 

Platygyra/Goniastrea base + region*size + exposure + depth 213.7 -0.65 0.72 0.24 

Platygyra/Goniastrea base + region*size + depth 215.0 -1.32 1.07 0.23 

Platygyra/Goniastrea base 223.1 -5.38 2.50 0.17 

Massive Porites base + region*size 603.4 0.00 0.00 0.29 

Massive Porites base + region*size + depth 604.5 -0.54 0.75 0.29 

Massive Porites base + region*size + exposure 605.0 -0.83 0.33 0.29 

Massive Porites base + region*size + exposure + depth 605.9 -1.24 0.82 0.29 

Massive Porites base 611.3 -3.97 3.28 0.27 

Brooding Pocilloporidae base + region*size + depth 1546.3 0.00 0.00 0.18 

Brooding Pocilloporidae base + region*size + exposure + depth 1546.5 -0.11 0.24 0.18 

Brooding Pocilloporidae base + region*size + exposure 1551.4 -2.55 2.07 0.18 

Brooding Pocilloporidae base + region*size 1552.2 -2.92 2.43 0.18 

Brooding Pocilloporidae base 1563.2 -8.45 4.65 0.17 

 594 
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 596 

Fig S 15. Comparative influence of predictor variables on coral growth and survival. Standardised effect sizes (beta) 597 
representing the relative influence of predictors on (a) coral growth (ln colony area) and (b) survival probability. Continuous 598 
variables (coral size, survey time, depth, and waterflow intensity) were mean-centred and standardised by one standard deviation 599 
to allow direct comparison. Regional effects (central and north) are shown as the difference from the southern region reference at 600 
the mean colony size (4.6 ln cm2). c,d, Total magnitude of effect for environmental and regional covariates on (c) growth and (d) 601 
survival. Magnitude is calculated as the absolute change in the response variable across the observed environmental range 602 
(Depth: 2.8–12 m; Waterflow: 0.05–0.38 m s-1) while holding all other variables constant. Points represent posterior medians; 603 
thick and thin horizontal bars represent 80% and 95% highest posterior density intervals (HPDI), respectively. Points are filled 604 
where the 80% HPDI excludes zero and hollow otherwise. Calculations are based on Bayesian multilevel regressions across six 605 
coral functional types. 606 

 607 



 608 

Fig S 16. Annual growth across gradients of predictor variables for six coral functional types. Each row represents a distinct 609 
coral functional type: Tabular Acropora, Corymbose/digitate Acropora, Spawning Pocillopora, Goniastrea/Platygyra, Massive 610 
Porites, and Brooding Pocilloporidae. (a) Predicted colony diameter at time t+1 across three geographic regions of the Great 611 
Barrier Reef (south, central, and north) with waterflow intensity fixed at 0.2 m/s and depth at 7 m; shaded areas represent 90% 612 
credible intervals. (b) Influence of waterflow intensity on growth, averaged across regions at 7 m depth; colour gradient indicates 613 
increasing flow intensity (0.05–0.6 m/s). (c) Influence of depth on growth, averaged across regions at 0.2 m/s waterflow; colour 614 
gradient indicates increasing depth (1–120 m). The dotted diagonal line represents the 1:1 isometry (zero growth). 615 



 616 

Fig S 17. Annual survival across gradients of predictor variables for six coral functional types. Panels are organised by coral 617 
type (rows) and environmental drivers (columns). (a) Annual survival probability across three geographic regions of the Great 618 
Barrier Reef (south, central and north) with depth fixed at 7 m and waterflow intensity at 0.2 m/s; shaded ribbons denote 90% 619 
credible intervals. (b) Predicted survival as a function of waterflow intensity, marginalised across regions at 7 m depth; darker 620 
purple tones indicate higher flow intensities. (c) Predicted survival as a function of depth, marginalised across regions at 0.2 m/s 621 
waterflow; darker blue tones indicate deeper reef environments. All survival estimates are bounded between 0 and 1. 622 
 623 
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3.2. Representative reefs simulations 625 

Some covariates (section 3.1) showed contrasting associations with growth and survival rates, suggesting 626 

demographic trade-offs. For example, tabular Acropora colonies showed higher predicted growth but lower 627 

survival at higher waterflow intensity sites. In contrast depth was unidirectional, associated with both lower 628 

growth and lower survival at deeper sites for this coral type (Fig S 15, Fig S 16, Fig S 17). These coupled 629 

and contrasting relationships highlight the complexity of demographic variability, where a single spatial 630 

context may be correlated with enhanced performance in one demographic dimension while being 631 

associated with increased risk in another.  632 

 633 

 634 

 635 

Fig S 18. Vital rate predictions for six coral types across environmental gradients, depth and wave exposure. Each panel (a–f) 636 
displays predicted growth (left) and survival probability (right) for a specific coral type. Growth plots show predicted colony 637 
diameter at time t+1 relative to diameter at time t (cm). The dotted diagonal line represents the 1:1 "no growth" isometric line. 638 
Survival plots show predicted annual survival probability (0.0–1.0) relative to colony diameter at time t. Predictions are faceted 639 
by the four sites in the representative reefs, which have combinations of depth (3m or 12m) and wave exposure (0.1 or 0.3 m/s). 640 
Individual coloured lines represent 200 random draws from the Bayesian posterior distribution to illustrate regression 641 
uncertainty, while the solid black line represents the posterior mean across 8000 posterior draws. All predictions are 642 
marginalised across regional clusters (offshore south, central, and north). Complementary to Figure 2d, main text. 643 

 644 



The influence of the covariates in the growth and survival regressions was further investigated in the 645 

representative reefs studies, simulated using the C~scape framework in each of the north, central and 646 

southern regions. Regional-scale spatial patterns across the GBR were explained in part by differences in 647 

vital rates: northern reefs consistently recovered faster than central or southern reefs in both the 648 

representative-reef simulations and the GBR case studies. This pattern of coral cover across regions is in 649 

contrast with empirical observations suggesting instead that the southern GBR has faster recovery potential 650 

and higher realised coral cover (Castro-Sanguino et al. 2021, Álvarez‐Noriega et al. 2024). This discrepancy 651 

likely arises from several interacting ecological and methodological factors. Reliance on a single year of 652 

vital rate data (2021–2022) assumes growth and survival are similar across years, likely overlooking region-653 

specific interannual variability (Appendix 5). Furthermore, the fast recovery observed in the southern GBR 654 

in long-term monitoring studies is thought to be driven by fast-growing tabular Acropora, and while we 655 

found tabular Acropora had the fastest growth rates, the other coral groups had higher background survival 656 

in the southern region (Fig S 16). 657 

Depth exerted the strongest influence on the recovery rates of coral cover, while waterflow intensity 658 

produced more muted effects. Shallow sites recovered fastest, deep sites lagged, and low waterflow habitats 659 

recovered faster than high waterflow habitats (Fig S 19d). While we accounted for indirect competition via 660 

density dependent modifications to growth rates, such processes are highly complex and empirical data on 661 

how vital rates are impacts in direct competition are limited and difficult to parameterise at this scale 662 

(Appendix 5). Future research should build in multiple years of vital rate data and further analyse the role of 663 

coral composition.  664 



 665 

Fig S 19. Total coral-cover projections for each site in the representative reefs (rows), simulated in each of the three regions of 666 
the Great Barrier Reef (columns): south, central, north). Narrow lines represent 200 simulations each driven by a single posterior 667 
draw to illustrate vital rate uncertainty. Complementary to Figure 2g, main text.  668 
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3.3. GBR case studies: Evaluation of model hindcast 670 

 671 

Hindcasts for four GBR case studies indicated the C~scape framework adequately reproduced historic coral-672 

cover dynamics. This was achieved without any major calibration using population-level data (aside from 673 

minor calibration of the bleaching mortality function used, see Appendix 1 (Bozec et al. 2022)), indicating 674 

that the key ecological processes governing coral recovery and disturbance impacts were captured 675 

mechanistically. 676 

 677 

Fig S 20. Complementary to main text Figure 4: Evaluation of C~scape hindcast trajectories of total coral cover (%) against 678 
empirical monitoring data. Trajectories from C~scape are shown for individual sites (blue lines) for reefs within the four case 679 
study clusters that had Long-Term Monitoring Program (LTMP) data, subset for those sites in the 'slope' or 'sheltered slope' 680 
geomorphic zones. Data from the Australian Institute of Marine Science (AIMS) LTMP are shown from fixed-position 681 
phototransects (black lines) and manta tow surveys (grey lines). The fixed-position photo transect data are from three sites on the 682 
leeward north-east slope of the reefs. In contrast, manta tow surveys provide estimates from around the reef perimeters, targeting 683 
the reef slope. While manta tow surveys are less accurate than fixed-position phototransects, they offer broader spatial 684 
information across the reef. The Root Mean Square Error (RMSE) is shown for the comparison of model trajectories to manta tow 685 
and phototransects in the top left of each panel. 686 



Table S 7. Summary of statistical performance metrics for simulated total coral cover. Metrics are provided for 

each reef within the four case study clusters for which long-term monitoring data were available, and for the 

pooled dataset. For each reef, evaluation was performed against both manta-tow and phototransect data where 

available. Columns include: Pearson’s correlation coefficient, Spearman’s rank correlation to assess linear 

and monotonic trend alignment; RMSE (Root Mean Square Error) for absolute deviation in percentage units; 

Percent Bias to indicate systematic over- or under-estimation. 'NA' values indicate instances where empirical 

data were unavailable for that specific methodology. 

GBR 
Region Cluster Reef Methodology 

Pearson's 
correlation 

Spearman's 
rank 
correlation  RMSE 

Percent 
Bias 

North Lizard MACGILLIVRAY REEF Manta-tow 0.68 0.73 9.5 15.3 

North Lizard MACGILLIVRAY REEF Phototransect 0.92 0.88 7.4 33.1 

North Lizard NO NAME REEF Manta-tow 0.32 0.32 7.8 -25.9 

North Lizard NO NAME REEF Phototransect 0.84 0.90 15.3 -52.8 

North Lizard NORTH DIRECTION REEF Manta-tow 0.44 0.38 15.4 -4.5 

North Lizard NORTH DIRECTION REEF Phototransect 0.97 0.95 10.4 58.0 

North Lizard YONGE REEF Manta-tow -0.07 0.04 11.0 -21.9 

North Lizard YONGE REEF Phototransect 0.63 0.67 13.6 -45.9 

North Lizard 
CARTER REEF 

Manta-tow 0.15 0.43 9.7 -15.3 

North Lizard 
CARTER REEF 

Phototransect 0.79 0.90 14.8 -49.3 

North Lizard LIZARD ISLAND Manta-tow 0.63 0.54 13.0 91.2 

North Lizard LIZARD ISLAND Phototransect 0.86 0.88 8.9 48.1 

North Moore MOORE REEF Manta-tow 0.11 0.10 11.3 78.1 

North Moore MOORE REEF Phototransect 0.06 0.00 8.4 -8.9 

North Moore THETFORD REEF Manta-tow 0.55 0.45 8.3 31.7 

North Moore THETFORD REEF Phototransect 0.10 0.19 8.7 2.1 

Central Davies CHICKEN REEF Manta-tow 0.80 0.76 9.2 42.7 

Central Davies CHICKEN REEF Phototransect 0.85 0.82 7.8 -7.2 

Central Davies LYNCHS REEF Manta-tow NA NA NA NA 

Central Davies LYNCHS REEF Phototransect 0.98 0.89 3.2 -7.2 

Central Davies CENTIPEDE REEF Manta-tow 0.96 0.60 3.3 27.8 

Central Davies CENTIPEDE REEF Phototransect 0.81 0.77 2.8 -6.6 

Central Davies DAVIES REEF Manta-tow -0.78 -0.73 17.9 -33.0 

Central Davies DAVIES REEF Phototransect -0.62 -0.73 14.4 -40.0 

South Heron ONE TREE REEF Manta-tow 0.78 0.60 19.8 -36.9 

South Heron ONE TREE REEF Phototransect 0.79 0.60 24.0 -32.2 

South Heron WRECK ISLAND REEF Manta-tow 0.67 0.48 26.6 -42.9 

South Heron WRECK ISLAND REEF Phototransect 0.88 0.71 28.6 -42.7 

North Lizard Pooled Manta-tow 0.47 0.45 11.33 2.8 

North Lizard Pooled Phototransect 0.28 0.27 12.12 -11.3 

North Moore Pooled Manta-tow 0.47 0.36 9.45 44.0 

North Moore Pooled Phototransect 0.09 0.12 8.60 -1.1 

Central Davies Pooled Manta-tow 0.43 0.50 12.20 4.2 

Central Davies Pooled Phototransect 0.78 0.77 9.13 -19.6 

South Heron Pooled Manta-tow 0.70 0.54 23.65 -40.1 

South Heron Pooled Phototransect 0.82 0.66 26.27 -37.4 

  Pooled Manta-tow 0.47 0.50 13.4 -2.3 

  Pooled Phototransect 0.50 0.49 13.6 -17.3 
 

 
  
  
  
  



 687 

Fig S 21. Scatterplots of the pooled evaluation of simulated total coral cover against independent empirical observations. (a) 688 
Comparison of simulated coral cover against manta-tow (dark grey) and phototransect (black) observations pooled across all 689 
reefs and years. The red dashed line represents the 1:1 identity line; points below this line indicate the model is underestimating 690 
the observed coral cover. (b) Consistency between the two independent empirical benchmarks (manta-tow versus phototransect 691 
coral cover). In both panels, points represent reef-year averages. Statistical metrics provided are Pearson’s correlation (R) and 692 
Percent Bias (PBias). 693 
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3.4. GBR case studies: Projections of coral-cover trajectories  695 

 696 

Regional differences emerged from the GBR case studies, aligning with what emerged in the representative 697 

reefs case study. Under SSP2-4.5 the northern case studies exhibited generally faster recovery, achieved 698 

higher coral cover and retained variability in coral-cover projections longer into the century than those in the 699 

central and southern GBR.  700 

 701 

Fig S 22. Total coral-cover trajectories as projected by the C~scape modelling framework for the four case studies (as rows: 702 
Lizard Island Cluster, Moore Reef Cluster (both North region), Davies Reef Cluster (Central) and Heron Island Cluster (South)). 703 
200 future climate scenarios which stem from 10 Global Climate Models (GCMs) for Shared Socioeconomic Pathways of SSP1-704 
2.6, SSP2-4.5, SSP3-7.0, downscaled to the reefs within the case study. Each of the 10 GCMs have variation in the exact timing of 705 
acute disturbances under 20 different realisations. The mean of each GCM is show in dark grey lines while the mean of all GCM 706 
realisations is shown by coloured line. 707 

 708 



 709 

Fig S 23. Total coral-cover trajectories as projected by the C~scape modelling framework for the four case studies (as rows: 710 
Lizard Island Cluster, Moore Reef Cluster (both North region), Davies Reef Cluster (Central) and Heron Island Cluster (South)). 711 
The first column shows 200 future climate scenarios which stems from 10 Global Climate Models (GCMs) for a Shared 712 
Socioeconomic Pathway (IPCC 2022) of SSP2-4.5, downscaled to the reefs within the case study. Each of the 10 GCMs have 713 
variation in the exact timing of acute disturbances under 20 different realisations. The mean of each GCM is show in dark grey 714 
lines while the mean of all GCM realisations shown in black. The orange line is a single climate future from GCM MRI-ESM2-0 715 
that was selected to examine in more detail. In the second column GCM MRI-ESM2-0 is shown in black as the average 716 
projections of all sites within the case studies, while light blue lines show the trajectories of each of these sites. Dark blue lines 717 
show the mean across sites for each reef within the cluster. The orange line shows a single site that was closest to the median of 718 
all other sites. In the final column the same orange-coloured site is shown, with the light orange lines showing the trajectories 719 
resulting from 200 individual posterior draws (of a total possible 8000 for which the dark orange line was simulated) from the 720 
growth and survival regressions. 721 

 722 

 723 



 724 

Fig S 24. Community-level mean thermal tolerance trajectories as projected by the C~scape modelling framework for the four 725 
case studies (rows: Moore Reef Cluster, Lizard Island Cluster, Heron Island Cluster, and Davies Reef Cluster). Results represent 726 
the community-weighted mean of 14 thermal tolerance classes (ranging from -5 to +8) across 600 future climate scenarios per 727 
cluster. These scenarios originate from 10 Global Climate Models (GCMs) for three Shared Socioeconomic Pathways (SSP1-2.6, 728 
SSP2-4.5, and SSP3-7.0), downscaled to individual reefs. The mean of each GCM is shown as dark grey lines, while the ensemble 729 
mean of all GCM realisations for each SSP is indicated by the bold coloured line. 730 

 731 
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Table S 8. Summary of variance partitioning for coral-cover projections. Variability is presented across three metrics: (a) 733 
standard deviation in coral-cover units, (b) raw variance components, and (c) the relative percentage of total variance explained 734 
by each driver. The pooled analysis represents a nested mixed-effects model capturing the average variability structure across the 735 
entire simulation century and all Shared Socioeconomic Pathways (SSPs). Temporal snapshot rows provide the variance structure 736 
at specific milestones (2023, 2050, and 2099) for each SSP, derived from SSP x Year models.  737 

Standard deviation in coral cover (%) 

Analysis SSP Year GCM Realisation Region Reef Site Residual 

Global (2008-2100) 3.4 2.7 4.5 0.5 2.9 2.3 2.8 8.5 

Temporal SSP126 2023 0 0.5 9.5 5 9.1 1.9 

Temporal SSP126 2050 6.2 3.1 2.3 2.5 3.6 7.3 

Temporal SSP126 2099 8.1 2.6 1.9 3.4 4.5 8.7 

Temporal SSP245 2023 0 0.5 9.5 5 9.1 1.9 

Temporal SSP245 2050 5.7 3.2 2 2.4 3 7.4 

Temporal SSP245 2099 3.5 1.3 0.7 1.3 1.1 4.1 

Temporal SSP370 2023 0 0.5 9.5 5 9.1 1.9 

Temporal SSP370 2050 3.5 3 1.2 1.5 2.2 6.1 

Temporal SSP370 2099 0.1 0.1 0 0 0.1 0.3 

Magnitude of Variance Components 

Analysis SSP Year GCM Realisation Region Reef Site Residual 

Global (2008-2100) 11.9 7.5 20 0.3 8.4 5.3 8.1 71.9 

Temporal SSP126 2023 0 0.4 98.9 26.5 115.6 5.2 

Temporal SSP126 2050 39.4 9.9 4.6 6.1 13.2 53.8 

Temporal SSP126 2099 63.3 7.3 3.2 11.8 20 75.7 

Temporal SSP245 2023 0 0.4 98.9 26.5 115.6 5.2 

Temporal SSP245 2050 34.2 10.9 3.4 5.5 9.2 55.5 

Temporal SSP245 2099 11.1 1.6 0.4 1.7 1.3 15.2 

Temporal SSP370 2023 0 0.4 98.9 26.5 115.6 5.2 

Temporal SSP370 2050 11.4 9.3 1.1 2.4 4.6 37.5 

Temporal SSP370 2099 0 0 0 0 0 0.1 

Percentage of Total Variance Explained 

Analysis SSP Year GCM Realisation Region Reef Site Residual 

Global (2008-2100) 8.9 5.6 15 0.2 6.3 4 6.1 53.9 

Temporal SSP126 2023 0 0.1 40.1 10.8 46.9 2.1 

Temporal SSP126 2050 31 7.8 3.6 4.8 10.4 42.4 

Temporal SSP126 2099 34.9 4 1.8 6.5 11 41.7 

Temporal SSP245 2023 0 0.1 40.1 10.8 46.9 2.1 

Temporal SSP245 2050 28.8 9.2 2.8 4.6 7.8 46.8 

Temporal SSP245 2099 35.3 5.1 1.4 5.5 4.1 48.5 

Temporal SSP370 2023 0 0.1 40.1 10.8 46.9 2.1 

Temporal SSP370 2050 17.2 14 1.7 3.6 7 56.5 

Temporal SSP370 2099 5.7 6.8 0.8 1.6 2.8 82.2 

 738 

 739 

 740 

 741 

 742 



 743 

Fig S 25. Average total coral-cover trajectories as projected by the C~scape modelling framework across four case studies. 744 
Each panel displays the projected trajectories of six coral taxa (see legend) for each of the three SSPs (columns) and GBR case 745 
studies (rows). Projections were made across the 200 future climate scenarios derived from 10 Global Climate Models (GCMs) 746 
per SSP. 747 

 748 



 749 

Fig S 26. Total coral-cover trajectories as projected by the C~scape modelling framework across four case studies. Each panel 750 
displays the projected trajectories of six coral taxa (see legend) showing the mean (solid lines) and the 95% confidence interval 751 
(shaded ribbons). Predictions were made across the 200 future climate scenarios derived from 10 Global Climate Models (GCMs) 752 
under the SSP2-4.5 Shared Socioeconomic Pathway (IPCC 2022) (first column), across sites under a single realisation of the 753 
MRI-ESM2-0 climate future (second column), and across 200 individual posterior draws—sampled from a total possible 8000 754 
from the growth and survival regressions—for a single site (third column). 755 
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APPENDIX 4. Supporting Information on the C~scape framework 757 

 758 

4.1. C~scape overview 759 

The C~scape modelling framework combines coral demography with information on the major processes 

that vary spatially within reefs and influence coral population growth and mortality to simulate coral 

metacommunity dynamics (Fig S 27).  

 
Fig S 27. Schematic representation of the C~scape modelling framework. C~scape is applied to a reef or cluster of reefs. A reef is 760 
divided into multiple spatial units referred to as ‘sites’. A ‘population’ for each distinct coral type is modelled discretely at each 761 
site. Populations are connected as metapopulations with a connectivity matrix describing the probability of coral larvae moving 762 
among sites. Intrinsic population growth rates are determined for each coral type from integral projection models (IPMs) that 763 
describe the coral life cycle, enabling the projection of changes in each population of corals over an annual period from time t to 764 
time t+1. The IPMs contain discrete life states for coral eggs, larvae and settlers, as well as a continuous state across the size 765 
range of each coral type captured by 100 size classes. Sites have different depths, influencing the populations' exposure to 766 
temperature stress. Sites are assigned a value for the ‘coral habitat’, which specifies the maximum percentage total coral cover in 767 
a site; this value modulates community growth as the maximum is approached. Acute disturbances (temperature stress, cyclones 768 
and crown-of-thorns starfish outbreaks) affect coral populations by killing individuals as function of disturbance intensity. 769 

  770 



4.2. Disturbance inputs and disturbance-mortality functions 771 

Temperature stress, cyclones, and Acanthaster Crown-of-Thorns starfish (COTS) outbreaks are implemented 

as acute disturbances that may occur in any given year and kill a proportion of the corals. Three disturbance-

mortality functions are used, where mortality (as proportional change in the coral cover) is simulated to 

occur in annual timesteps as a function of the disturbance magnitude at each site in each year.  

 

4.2.1. Cyclones 772 

 773 

Table S 9. Cyclone categories and their associated wind speeds, as defined by the Bureau of Meteorology, were used to convert 774 
cyclone category to wind speed for the cyclone-mortality function (Fig S 28).  775 

Cyclone category Windspeed 

1 24.5 m/s 

2 32.5 m/s 

3 44.2 m/s 

4 55.3 m/s 

5 65 m/s 

 776 

 777 

Fig S 28. Windspeed and the predicted proportion of mortality which is applied to the coral cover of each coral type. Dashed 778 
vertical lines indicate cyclone categories 1-5 from left to right (see Table S 9).  779 

  780 



 781 

4.2.2. Crown-of-Thorns (COTS) starfish outbreaks 782 

To account for the fact that coral consumption scales significantly with starfish diameter, we disaggregated 783 

total adult densities ((ind. ha-1, which were obtained from output from ReefMod-GBR) into four size-784 

cohorts (10, 15, 25, and 45 cm). This disaggregation was based on empirical data provided by GBRMPA 785 

COTS Control Program cull data cluster proportions, which allowed the model to reflect regional 786 

differences in starfish demography (Miller et al. 2018). These proportions were filtered to reflect a 787 

representative background population structure. Any reefs surveyed by the COTS Control Program that 788 

matched those within the GBR case studies were examined to calculate a mean proportional frequency for 789 

each size class and each case study (Table 1).Site-level abundance in any given timestep was determined by 790 

multiplying the total ReefMod adult density by these cluster-specific proportions. The resulting cohort 791 

densities were then scaled to the physical area of individual reef sites.  792 

Table S 10. Proportions derived from filtered GBRMPA COTS Control Program cull data 793 

GBR case 
study 

Cohort 1 (10 
cm) 

Cohort 2 (15 
cm) 

Cohort 3 (25 
cm) 

Cohort 4 
(45 cm) 

Davies Reef 0.06 0.28 0.42 0.24 

Lizard Island 0.08 0.36 0.4 0.15 

Moore Reef 0.45 0.32 0.16 0.07 

Heron Reef 0.01 0.04 0.24 0.67 

We estimated annual coral consumption by fitting a linear model to empirical feeding data in (Keesing and 794 

Lucas 1992), which related starfish size to the daily area of coral killed (cm2 day-1). The yearly consumption 795 

for each cohort was calculated as: 796 

𝑀𝐶𝑂𝑇𝑆 = 365 × (10.76 ∗  𝑠𝑖𝑧𝑒 −  192.69) 797 

The total annual potential coral consumption at a site was calculated by summing the consumption of all 798 

four COTS size-cohorts based on their specific abundances: 799 

𝑀𝑡𝑜𝑡𝑎𝑙𝐶𝑂𝑇𝑆
= ∑ (𝐶𝑂𝑇𝑆𝑐𝑜ℎ𝑜𝑟𝑡 × (10.76 × 𝑐𝑜ℎ𝑜𝑟𝑡𝑠 − 192.69) × 365

4

𝑐𝑜ℎ𝑜𝑟𝑡𝑠=1

 800 

Where 𝐶𝑂𝑇𝑆𝑐𝑜ℎ𝑜𝑟𝑡 is the abundance of COTS in size-cohort 𝑐𝑜ℎ𝑜𝑟𝑡𝑠. The feeding rate for the smallest 801 

cohort (10 cm) was manually set to zero reflects biological observations that starfish of this size have not yet 802 

transitioned from a diet of crustose coralline algae to a significant coral diet (Engelhardt et al. 1999). 803 

Total predation was allocated across coral functional types using a susceptibility-weighted selection ratio, 804 

which considers both the inherent preference for a coral type and its current availability. Following De’ath 805 

and Moran (1998), susceptibility values (Odds) were assigned to each functional type (Table S 1). For each 806 

site, a selection ratio (SR) is calculated by multiplying the inherent preference (Odds) by the proportional 807 

cover of that coral type. This ensures that COTS predation shifts dynamically as different coral groups 808 

become more or less abundant. 809 

𝑆𝑅𝑓𝑡 =
𝑂𝑑𝑑𝑠𝑓𝑡 × 𝐶𝑜𝑣𝑒𝑟𝑓𝑡

∑𝑂𝑑𝑑𝑠 × 𝐶𝑜𝑣𝑒𝑟
 810 

The resulting proportion of total coral area removed was applied as a uniform proportional mortality across 811 

the coral size structure. To prevent local extinction within a single time step, total annual mortality was 812 

capped at 95%. 813 

 814 



4.2.3. Heat stress 815 

Heat stress mortality is modelled as a function of site depth, coral type and the maximum DHW assigned to 

that site: 

𝑚𝑖𝑛𝑖𝑡𝑓𝑡𝑠𝑖𝑡𝑒
= 𝑤𝑠𝑖𝑡𝑒 ∙ 𝑠𝑓𝑡 ∙ ((𝑒0.17+0.35∙𝐷𝐻𝑊𝑠𝑖𝑡𝑒) − 1) 100⁄  

with wsite being the depth coefficient and sft being the bleaching sensitivity of a coral type (Table S 1) 

The depth coefficient was calculated as: 

𝑤𝑠𝑖𝑡𝑒 = 𝑒−0.07551(𝑠𝑖𝑡𝑒𝑑𝑒𝑝𝑡ℎ−2) 

Annual mortality (M) was then calculated as described in the main text to give  (Fig S 29) 

 816 

𝑀𝑓𝑡𝑠𝑖𝑡𝑒
= {

0

1 − (1 − 𝑚𝑖𝑛𝑖𝑡𝑓𝑡𝑠𝑖𝑡𝑒
)
6     

if DHWsite < 3

if DHWsite > 0
 817 

 818 

Fig S 29. Bleaching mortality probability as a function of the maximum Degree Heating Weeks at a site shown for the six coral 819 
types at five depths. Coral types are parameterised with a relative bleaching susceptibility (see Table S 1) based on the 820 
approach used in (Ortiz et al. 2014) with information from (Hughes et al. 2018) and Crossman et al (In review). 821 
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4.3. Cross-generational heritability of thermal tolerance  823 

 824 

Natural selection and adaptation are modelled using phenotypic variance rather than a gene-based approach, 825 

due to the challenges of linking complex genetic models to demographic frameworks (Van de Walle et al. 826 

2025), and the limited availability of specific genetic parameters for corals (Bairos‐Novak et al. 2021). To 827 

achieve this, the C~scape framework was updated so that, in addition to tracking the total abundance 828 

individual corals in each of 100 size classes, the abundance was also tracked across a set of thermal 829 

tolerance classes. 830 

Previously, the model used a vector, 𝑁𝑓𝑡,𝑖,𝑡
⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑   (Cresswell et al. 2024), representing the number of corals of type 831 

ft across 100 size classes at site i and time t. We expanded this into a two-dimensional matrix, allowing the 832 

model to track the number of corals across early life stages (egg, larvae, settler) and size classes alongside 833 

thermal tolerance classes.  834 

Thermal tolerance was incorporated as a deviation from the population’s mean bleaching mortality response. 835 

To parameterise the distribution of corals across thermal tolerance classes, we used data from (Humanes et 836 

al. 2024) to extrapolate bleaching mortality index (BMI) curves, which were a function of DHW, to 100% 837 

mortality—the point at which BMI and the mortality curves used in C~scape were comparable (see Fig. 838 

S31). This resulted in a normal distribution with a mean of 0 and a standard deviation of 𝑠𝑑 = 1.91 which 839 

was used for initialising the coral populations in C~scape. As infinite thermal tolerance is not realistic, we 840 

truncated the normal distribution to -8 and +8DHW. Within this range we defined thermal tolerance classes 841 

as ∆𝐷𝐻𝑊 from the mean, here utilising 14 discrete bins: ∆𝐷𝐻𝑊 = {−5,−4… ,8}. 842 

We incorporated tolerance class, ∆𝐷𝐻𝑊, into the bleaching mortality function (Bozec et al. 2022), which 843 

effectively shifted the bleaching mortality curve along the x-axis, where positive values (∆𝐷𝐻𝑊 > 0) equate 844 

to higher resistance (reduced mortality) and negative values (∆𝐷𝐻𝑊 < 0) higher susceptibility (increased 845 

mortality) (Fig. S31). 846 

𝑚𝑖𝑛𝑖𝑡𝑓𝑡_𝑠𝑖𝑡𝑒
= 𝑤𝑠𝑖𝑡𝑒 ∙ 𝑠𝑓𝑡 ∙ ((𝑒0.17+0.35∙(𝐷𝐻𝑊𝑠𝑖𝑡𝑒 −∆𝐷𝐻𝑊)) − 1)/100 847 

 848 

In practice, this means that when a population within a given site and timestep experiences thermal stress (as 849 

DHW), the corals in each thermal tolerance class will have differing mortality probabilities. 850 

Corals within each thermal tolerance class retain the same ∆𝐷𝐻𝑊 throughout their life cycle. To allow for 851 

cross-generational selection the transmission of this phenotypic trait to the next generation was modelled by 852 

applying the Breeder’s equation (Lynch and Walsh 1998). The Breeder's equation predicts the selection 853 

differential (the difference between the mean of the parental population and the mean of the breeding 854 

individuals) of a given trait over one generation after selection based on a parameter the trait's ‘narrow-sense 855 

heritability’ (Postma 2014, de Villemereuil et al. 2018). We generalise this principle over multiple 856 

generations.  857 

Larvae are allocated to tolerance classes via a vector, 𝐿𝑓𝑡,𝑖,𝑡
⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑  , which describes the proportion of total larvae 858 

of coral type ft, at site i and year t within each class. This is calculated as 859 

𝐿𝑓𝑡,𝑖,𝑡
⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ =  𝐿𝑓𝑡,𝑖,𝑡−1 ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑  ⃑ + 𝑅⃑    860 

With 𝑅⃑   being the transgenerational response to selection, analogous to the Breeder's equation (Falkner and 861 

Mackay 1996, Lynch and Walsh 1998). We adjusted the Breeder's equation such that we could use the 862 

actual frequency distribution of the offspring's thermal tolerance, rather than calculating only the mean of a 863 

presumed normal distribution. This allowed us to retain the true distribution of thermal tolerance 864 

independent of normality and avoided making assumptions about the variance around the mean across 865 

multiple generations under selection. Therefore, in our implementation, 𝑅⃑   is expressed as a vector rather 866 

than a single value containing the proportion of larvae in each thermal tolerance class.  867 

The generational response is defined as: 868 

𝑅⃑ =  h2𝑆  869 



where h2 is the narrow-sense heritability and 𝑆  is the selection differential vector. 870 

Narrow-sense heritability expresses how much of the trait is inherited by the offspring and ranges from 0 (no 871 

trait transfer between parent and offspring) to 1 (100% of the trait is transferred). Narrow-sense heritability 872 

(h2) has been investigated in many populations of organisms and found to tend towards h2=0.3 for polygenic 873 

traits that are non-morphological and related to fitness (Moore et al 2019). This fits within the available 874 

reports (Bairos‐Novak et al. 2021) for corals so we used this value for all model simulations in the present 875 

study.  876 

The selection differential, 𝑆 , is calculated as the difference in the distribution of thermal tolerances before 877 

and after selection pressure is applied (i.e. at the beginning and end of an annual timestep): 878 

𝑆 = 𝐿𝑓𝑡,𝑖,𝑡+1
⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑  −  𝐿𝑓𝑡,𝑖,𝑡 ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑  ⃑  879 

where 𝐿𝑓𝑡,𝑖,𝑡 ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑  ⃑ is the larval thermal distribution in the case thermal stress was not applied (initial state), and 880 

𝐿𝑓𝑡,𝑖,𝑡+1
⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑   is the provisional thermal tolerance distribution of the larvae that would be generated by this year’s 881 

surviving adult population after all selection events have occurred (𝑁𝑓𝑡,𝑖,𝑡+1
⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑  ⃑), assuming perfect heritability 882 

(h2 = 1 ). Utilising the selection differential in this fashion allows there to be a carry-on effect of the initial 883 

thermal tolerance distribution beyond the first year, slowing down selection and accounting for multiple 884 

generations. 885 

 886 

 887 

Fig S 30. Bleaching Mortality Index as per (Humanes et al. 2022) extrapolated to BMI=1 based on the C~scape implementation 888 
of heat tolerance on the bleaching mortality curve. (Humanes et al. 2022) exposed 102 healthy adult colonies to a 30-day 889 
temperature stress experiment. Here we show the results for the mortality response of the 10% least heat tolerant corals (red, 890 
ΔDHW ± 95% confidence intervals) and the response for the 10% most heat tolerant corals (blue, ΔDHW ± 95% confidence 891 
intervals).The difference between the two responses ΔDHW=4.91 reflects the intrapopulation variability used to determine the 892 
thermal tolerance. 893 



 
Fig S 31. Thermal stress (Degree Heating Weeks) mortality curve for tabular Acropora for a site depth of 7 metres showing the 894 
mortality that would result for a coral in each of the 14 thermal tolerance classes which describe a shift from the original thermal 895 
tolerance where the thermal tolerance class is zero. 896 

  897 



APPENDIX 5. C~scape model assumptions and limitations 898 

 899 

Any model of a complex system is constrained by the available knowledge and the data that can be gathered 900 

across space and time. Table S1 details the key assumptions, omissions and limitations of the current 901 

modelling efforts. The authors judged whether each factor would likely lead to an over- or underestimation 902 

in the projected coral cover values, or whether it creates uncertainty or imprecision for which it is not 903 

possible to judge the likely direction of influence.  904 

Of the factors where the direction of influence was assessed, the majority resulted in an overestimation; this 905 

suggests our projections may be overall optimistic regarding the future coral cover of the Great Barrier Reef. 906 

  907 



Table S 11. Summary of key assumptions and limitations in the C~scape modelling framework as applied in the present study. 908 
Rows are grouped into three categories of uncertainty: parametric uncertainty (reducible with more data), structural assumptions 909 
(fixed model design choices and omissions), and scenario uncertainty (arising from choice of climate forcing). Grey shading 910 
indicates factors likely to introduce additional variability or uncertainty in a direction that is difficult to predict. Purple shading 911 
indicates factors likely to cause overestimation of coral-cover projections; orange text indicates factors likely to cause 912 
underestimation.  913 

Factor  Description and importance of factor Parameterisation / assumptions in the C~scape framework 

Parametric uncertainty  

Vital rate data Growth, survival, and early life history 
parameters define population growth, 
maintenance, and recovery. 

Uncertainty: Parameterised from only one year of monitoring data. Multi-
year data would better disentangle individual and spatial variability from 
interannual variability.  
Uncertainty: Growth follows a logistic assumption as space becomes 
limiting, though survival and the true shape of this relationship may vary. We 
assume survival is not directly affected by space limitation. 

Thermal tolerance 
distribution 

Quantifying baseline variability in heat 
tolerance is critical for predicting how a 
population might shift or adapt under 
selection. 

Uncertainty: Natural selection and adaptation are modelled based on 
phenotypic variance rather than a gene-based model. Thermal tolerance of 
individuals is defined relative to the mean bleaching susceptibility of the 
group at initialisation. Thermal tolerance phenotypes follow a single 
Acropora population (A. digitifera) from Palau.  
Underestimation risk: A conservative upper limit to thermal tolerance 
(+8DHW relative to contemporary level) is assumed. Greater adaptation may 
be possible, but empirical data on the upper limit remain limited. 

Heritability Corals can inherit phenotypes from their 
parents, but rarely is this transferred fully. 

Uncertainty: Modelled corals have an individual heat tolerance that is 
partially inherited from the coral’s parents, with parameter h2 = 0.3, allowing 
for the simulation of natural selection and adaptation over time. This 
parameter is likely variable across species or locations. Heritability has not 
been validated across multiple consecutive generations. 

Trade-offs with 
increasing heat tolerance 

Selection for thermal tolerance may 
involve energetic trade-offs, potentially 
impacting other life-history traits like 
growth and reproduction. 

Uncertainty: Modelled based on phenotypic variance rather than gene-
based models. Does not account for other critical traits (e.g., colony growth, 
fecundity) or potential trade-offs (e.g., reduced growth) that may accompany 
enhanced heat tolerance. 

DHW-mortality 
relationship 

The relationship between degree heating 
weeks and coral mortality is complex, 
varying with depth, prior thermal exposure, 
local conditions, and repeated stress. 

Underestimation risk: The function predicts near 100% mortality for DHW 
>10 which likely results in an overestimation of mortality, and thus an 
underestimation in coral-cover projections. 
Uncertainty: Limited empirical data exists for very high DHW events (>16), 
which are projected to become more common. 

Connectivity Connectivity is variable, difficult to 
parameterise, and may change in future 
oceans (Maciejewski and Cumming 2016, 
McManus et al. 2021, Mason et al. 2025) 
The are strong differences in the capacity 
for connectivity between coral species.  

Uncertainty: Future connectivity is inferred from three years of hindcast 
modelling.  
 
Uncertainty: Modelling currently assumes the same biological parameters 
for all spawning coral types. 
 

Depth Influences mortality during acute 
disturbance and vital rates of growth and 
survival. 
 

Uncertainty: Depth is included in the DHW-mortality function, but only at the 
resolution of median depth of sites (~300x300m).  
Finer-scale variability is omitted, meaning realised trajectories are likely 
more variable in space than modelled. 

 
 
Structural assumptions  
Coral types Species are not modelled explicitly, making 

it difficult to model factors such as 
fertilisation  

Uncertainty: Species with distinctions in growth, survival, or reproduction 
(e.g. digitate and corymbose Acropora) are grouped together, which may 
mask species-specific demographics. 
Overestimation risk: Species are not modelled explicitly, and it is assumed 
that all coral individuals within a coral type can reproduce. This would create 
an overestimation in fertilisation rates.  
Uncertainty: High species diversity offers potential for community shifts 
toward heat-tolerant assemblages of species, in addition to shifts among 
individuals within a species. 
Uncertainty: Staghorn acroporids, foliose corals and other groups were 
excluded as they form thickets and did not align well with the individual-
based Integral Projection Modelling framework. 

Early life history 
Processes such as fecundity, fertilisation, 
and settlement are likely variable with 
environment. 

Uncertainty: Environment-dependent influences on fecundity, fertilisation, 
and settlement were not modelled due to limited data availability. Vital rates 
of growth and survival were allowed to vary with environment, but early life 
history rates were held constant. 

Non-lethal effects of 
acute heat stress 

Coral vital rates are known to vary in non-
linear, taxa-dependent ways under acute 
disturbances (Hall et al. 2021, Morais et al. 
2021, Speare et al. 2022, Stratford et al. 
2025), for example decreased fecundity 
and growth, or increased partial mortality.  

Overestimation risk: Not captured in the current modelling framework. 
Would cause overestimation of coral cover.  



Table S 10 contined 914 

Factor  Description and importance of factor Parameterisation / assumptions in the C~scape framework 

Structural assumptions 

Chronic changes to 
temperature 

Rates of coral growth (Álvarez-Noriega et 
al. 2023) and fecundity may change with 
chronic warming (Edmunds 2024) or result 
from non-lethal effects of heat stress. 

Uncertainty: The base rates of growth, survival and fecundity are assumed 
constant throughout the century. 

Overestimation risk: Non-lethal effects (presumably negative), such as 
reduced fecundity or growth following acute stress, are not captured in the 
current framework. 

Fertilisation  Low coral cover is associated with low 
coral densities which leads to reduced 
fertilisation success (Allee effect) (Ricardo 
et al. 2025) 

Uncertainty: Information to parameterise fertilisation was limited and 
variable across taxa and studies. 
Overestimation risk: The model assumes fertilisation success is not 
affected by diminishing coral density, 

Link to regional-scale 
modelling 

Integrating C~scape with a regional-scale 
model (ReefMod-GBR) introduces interface 
assumptions at the boundaries of the 
modelled domain, including larval influx 
from external reefs. 

Uncertainty: Two coral community models were run in parallel, most notably 
to account for the larval influx from reefs outside the simulated domain of 
the C~scape cluster. Although they have similarities, differences exist in 
parameterisation and architecture meaning that assumptions are necessary 
at the interface, for example thermal tolerance distributions for external 
larvae are assigned based on the within cluster tolerances, and the 
parameterisation of coral types does not match exactly.  This means the 
demographic rates of growth and survival in C~scape are different from the 
parameterisations in ReefMod-GBR, which are structured around different 
size classes, but comparable in capturing the major differences in growth 
and survival between functional types. 

Black swan events  "Black swan" events are high-impact, rare 
events that are difficult to predict (Bray and 
Wang 2020) 

Overestimation risk: Beyond the scope of the modelling. Examples include 
severe disease outbreaks, invasive species, or systemic collapses such as 
the breakdown of the Atlantic Meridional Overturning Circulation (AMOC). 

Reef representation  High variability exists across GBR reef; for 
example, inshore reefs are exposed to 
multiple additional stressors including 
poor water quality, sedimentation, and 
nutrient loading. 

Overestimation risk: This study modelled select clusters of offshore reef 
only, omitting the full range of stressors for inshore reefs. 

Phase shifts Ecological shifts (e.g., coral to turf/algae) 
can inhibit coral recovery processes. 

Overestimation risk: Alternative stable states (i.e. a shift from coral to 
another benthic organism) arising from phase shifts are not captured and are 
difficult to predict. 

Ocean acidification  High CO2 levels negatively impact coral 
growth, recruitment, and wave damage 
resistance. May also impact calcifying 
algae abundance (Klein et al. 2022) 

Overestimation risk: Not captured in the modelling framework. Including 
ocean acidification would likely result in lower coral resilience and reef 
condition. 

Scenario uncertainty  

DHW downscaling  Future frequency and intensity of marine 
heatwaves are driven by downscaled 
temperature projections. 

Underestimation risk: Downscaled projections for 2014–2023 tend to 
predict more severe heat stress than observed in satellite data. Predicted 
coral over the next 1–2 decades may be underestimated (Bozec et al. 2025). 

SSPs Shared Socioeconomic Pathways are 
considered the most robust way to 
represent a range of plausible future 
greenhouse gas emission trajectories and 
societal development pathways. 

Uncertainty: We chose three SSPs for this study: SSP1-2.6, SSP2-4.5, SSP3-
7.0. SSP1-1.9 (limiting warming to 1.5°C) was not included as this pathway is 
now considered very unlikely (Olhoff et al. 2024). SSP5-8.5 was excluded as 
the scale of societal impacts at >4°C warming would erode capacity for 
meaningful reef management.  

Global Climate Models An ensemble of coupled atmosphere-
ocean general circulation models (GCMs) 
are available via the CMIP6 database 
(Eyring et al. 2016). These simulate a set of 
alternative scenarios of societal and 
economic development leading to different 
trajectories of atmospheric carbon 
concentrations. 

Underestimation risk: We selected 10 GCMS to cover a range of equilibrium 
climate sensitivity (ECS) values (2.6 – 5.3 °C), but caution has been raised 
over the selection of models associated to unrealistically high ECS (Tokarska 
et al. 2020, Hausfather et al. 2022). Equilibrium climate sensitivity is very 
likely (90% probability) to lie between 2.3–4.7 °C (Sherwood et al. 2020), yet 
a significant number of CMIP6 models have an ECS value above this range 
(Tokarska et al. 2020).  

Realisations While the GCMs provide projections of 
future temperature, the uncertainty and 
stochasticity in these was not available but 
we acknowledge that it is impossible to 
predict the exact year of marine heatwaves 
in future decades.  

Uncertainty: DHW timing within decades was shuffled across realisations to 
represent stochasticity in thermal stress events (Bozec et al. 2025). This 
approach captures one dimension of temporal uncertainty; alternative 
methods of representing DHW stochasticity exist and may yield different 
results. 
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