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Executive Summary

Coral reefs are experiencing global decline due to a combination of acute and chronic
stressors, particularly rising sea surface temperatures. Coral bleaching, caused by elevated ocean
temperatures, has been the largest driver of coral reef degradation. Since the 1980’s, four global
bleaching events have been recorded, reducing live coral cover on the Florida Reef Tract by from
25% to 5% by 2019. In response to the accelerating decline of coral ecosystems, the National
Oceanic and Atmospheric Administration (NOAA) launched the Mission: Iconic Reefs initiative
in the Florida Keys. The initiative aims to restore ecological function and resiliency across seven
degraded reef sites. The 20-year phased strategy focuses on a combination of mass outplanting of
corals from nurseries onto reefs, controlling threats such as disease and algal growth, and

facilitating long-term adaptive management strategies.

A central challenge facing reef restoration management is a disconnect in operational
metrics between restoration practitioners and managers. Restoration practitioners track the
number of corals outplanted, while managers measure percent cover. This complicates efforts to
evaluate progress, allocate resources effectively, and forecast long-term recovery trajectories.
This project addresses that gap by developing a framework of Bayesian models that link
demographic processes to restoration outcomes, enabling practitioners and managers to simulate

coral cover trajectories under different climate and outplanting scenarios.

This Bayesian approach fully quantifies uncertainty and supports the inclusion of prior
ecological knowledge in parameter estimation, offering a flexible framework for forecasting
coral cover. The models integrate three biological processes: (1) coral growth, (2) colony
recruitment, and (3) mortality, while accounting for species identity, colony size, and
environmental conditions. Specifically, Degree Heating Weeks (DHW), a thermal stress metric
derived from NOAA Coral Reef Watch remote sensing products, were utilized as a predictor of
both coral mortality and recruitment probability. Higher DHW values are indicative of greater
cumulative thermal stress and are generally associated with a reduced growth rate, an increased
likelihood of colony death and decreased probability of successful recruitment. Large-scale coral
restoration efforts, such as Mission: Iconic Reefs, are relatively recent and are still building the
long-term datasets needed for population modeling. Because of this current data limitation, the

models were fitted using long-term monitoring data collected at Palmyra Atoll, which included



colony-level photogrammetry-based measurements of coral size and survival across multiple
years. Palmyra Atoll’s minimal human disturbance makes it an ideal reference point for studying
climate-driven changes in coral reef communities. The forward simulation framework was
initialized with baseline colony data from 2019. From there, we predicted population dynamics
annually through 2030 under three varying climate and outplanting scenarios: (1) no thermal
stress, no outplanting; (2) observed thermal stress with no outplanting; and (3) observed thermal
stress with annual Acropora outplanting from 2025-2030. Each year, colony growth was
predicted based on the posterior distribution of the growth model and added to each colony’s
size. Mortality probabilities were assigned to each colony based on their traits and DHW
exposure, and survival is stochastically determined using Bernoulli draws. Recruitment is
modeled in a similar fashion, with new colonies added based on predicted probabilities and
assigned species-specific initial sizes. The results of the simulation revealed that coral cover is
highly sensitive to both thermal stress and initial demographic structure. Under sustained thermal
stress, coral cover remained low for all taxa. The mortality rate was particularly high across
Acropora species. However, outplanting was shown to slow the rate of decline and increase total
cover by 2030, particularly in favorable environmental conditions. While the simulations
predicted a high rate of outplant mortality, a small subset of surviving colonies
disproportionately influenced long-term recovery, highlighting the importance of high volume
outplanting. Additionally, repeated simulations revealed substantial variability in species
trajectories. Some taxa exhibited wide confidence intervals, indicating uncertainty in model

outcomes.

These models emphasize the importance of incorporating population-level processes and
environmental variables into restoration planning. While restoration planning often relies on
metrics such as the number of corals outplanted, these figures are often insufficient on their own
to predict long-term outcomes. This modeling framework bridges that gap by translating
demographic data into projections of coral cover over time, linking short-term actions with long-
term ecosystem goals. By simulating outcomes under varying climate and outplanting scenarios,
this tool supports more informed and scalable decision making for reef restoration in the face of
climate uncertainty and resource scarcity. This flexible framework is transferable to other sites,

species, and scales, provided that sufficient data is available.



In conclusion, this project addresses a critical knowledge gap in coral reef restoration by
translating outplanting efforts into ecologically meaningful measures of reef recovery. It
demonstrates the value of Bayesian hierarchical models in ecological forecasting and offers a
flexible simulation tool for evaluating restoration strategies under climate uncertainty.
Ultimately, this work contributes to the broader goal of making coral restoration more strategic,

adaptive, and resilient in the face of ongoing climate change.

1. Introduction

Coral reefs cover just 0.1% of the seafloor but host an estimated 830,000 species
worldwide (Barlow et al., 2018; Fisher et al., 2015). Reef-building corals form natural buffers
against storm surges and create critical habitats for countless fisheries (Ferrario et al., 2014; Sing
Wong et al., 2022). However, human activity and climate change have degraded these
ecosystems by 50% since the 1950s (Eddy et al., 2021). Historically, some the largest drivers of
reef degradation include the effects of overfishing, agricultural nutrient runoff, and
sedimentation from land development (Barlow et al., 2018; Hughes et al., 2003). Since the
1980s, recurrent, large-scale bleaching events (>1000 km) have caused extensive coral reef
declines globally (Hughes et al., 2003; Souter et al., 2021). Extended periods of elevated sea
surface temperatures above a locally defined average summer temperature is the leading cause of
mass bleaching events (Safaie et al., 2018). Bleaching occurs when endosymbiotic microalgae,
called zooxanthellae (Symbiodinium spp.), are expelled from the coral host in response to
environmental stress (Hughes et al., 2018), where the loss of the pigmentation from the
zooxanthellae reveals the white skeleton underneath (Hughes et al., 2003). The breakdown in the
endosymbiotic relationship between the coral and zooxanthellae leaves the coral nutritionally
compromised and vulnerable to disease (Hughes et al., 2018; Safaie et al., 2018). Although once
regarded as a localized process, synchronous bleaching events have been observed globally

across the tropics due to anthropogenic global warming (Hughes et al., 2018; Klein et al., 2024).

Severe bleaching events are expected to increase as ocean temperatures continue to rise.
Average global ocean temperatures have risen close to 1°C (Hughes et al., 2018), with the time

between bleaching events decreasing by 76—80% since the early 1980s (Barlow et al., 2018). It is



projected that corals will be unable to keep pace with the resulting mortality, with the fastest
growing species taking 10 to 15 years to recover and far longer for slower growing species
(Hughes et al., 2018). The rapid pace of climate change may exceed the ability of corals and
zooxanthellae to adapt, as variability in temperature tolerance across regions developed over
much longer timescales than the pace of current climate change (Hughes et al., 2003). While the
Paris Climate Agreement aims to limit global warming to between 1.5°C and below 2°C, a
synthesis conducted by Armstrong McKay et al. identifies 1.5°C of warming as a critical tipping
point for low-latitude coral reefs, beyond which their decline may become irreversible due to

escalating climate impacts (Armstrong McKay et al., 2022; Lenton et al., 2008).

In response to the decline of coral ecosystems, National Oceanic and Atmospheric
Administration (NOAA) launched the Mission: Iconic Reefs initiative in the Florida Keys
National Marine Sanctuary. The initiative aims to restore ecological function and resiliency
across seven degraded reef sites (NOAA, 2019). Restoration monitoring and adaptive
management strategies will ensure that findings can be used to adjust restoration techniques and
inform future intervention planning. As coral restoration efforts scale up in terms of geographic
scope and species diversity, one challenge is the alignment of metrics. Restoration practitioners
track the number of corals outplanted, while restoration managers evaluate success based on
coral cover (S. Viehman, personal communication, March 7, 2024). This disconnect is a
challenge to the ability of restoration managers to track progress, evaluate success, and forecast
recovery. Moreover, no quantitative methodologies are currently used to forecast the effects of
restoration on coral species. This knowledge gap hinders targeted efforts for the conservation of

threatened populations.

This study addresses these knowledge gaps through the development of a Bayesian
modeling framework to estimate coral demographic processes and simulate percent cover
trajectories under restoration and thermal stress scenarios. Specifically, we ask: (1) How can
species-level demographic processes be used to predict changes in coral cover at restored reef
sites? (2) How do thermal stress and outplanting influence projected recovery trajectories across

coral taxa?



2. Literature Review
2.1 History of Coral Restoration

The need for coral restoration was first proposed in the late 1960s amidst a growing wave of
environmental awareness and conservation legislation. Restoration during this period focused
primarily on addressing site-specific impacts such as ship groundings, destructive fishing
practices, storms, and tourism-related damage (Edwards & Clark, 1999). Subsequent restoration
efforts prioritized species-specific recovery while also aiming to mitigate local stressors such as
overfishing, hurricane damage, and invasive species. Restoration actions include growing corals
in in situ and ex situ nurseries, outplanting corals onto the natural reef, and removal of coral
predators and competitors for benthic habitats (Goergen et al., 2020). Further innovative
restoration approaches include technologically advanced techniques, such as micro-
fragmentation, larval propagation, genetic banking, and assisted evolution (Meyers, 2017). To
more tightly connect restoration and monitoring, broader coral reef monitoring metrics are being
implemented that include benthic community characteristics, shoreline protection, and
socioeconomic impacts, alongside the utilization of new technologies like remote sensing and

photomosaics (Goergen et al. 2020).

2.2 Mission: Iconic Reefs Project

The Florida Keys Reef Tract (FKRT) is the only bank barrier reef in the continental
United States, distinguished by its absence of shallow inshore lagoons typical in most barrier
reefs (NOAA, 2019; Protection, 2024). Stretching approximately 350 km from southern Miami
to Dry Tortugas National Park, the FKRT is divided into distinct subregions delineated by their
geological histories and proximity to pollutants from Florida Bay (Toth et al., 2022). Within
these subregions, the reefs can be divided into two distinct categories: shelf-edge reefs, located

5-7 km offshore, and inshore patch reef (Ruzicka et al., 2009).

A combination of local and global stressors over the last 40 years have caused many reefs
in the FKRT to experience a ‘phase shift’, transitioning from communities supported by stony,
reef-building corals to algae-dominated systems. These algal mats trap sediment and prevent the

successful recruitment of new corals (NOAA, 2019). This issue is further exacerbated by the



reduced success of sexual reproduction in many Florida Keys corals, as declining colony density

minimizes the likelihood of successful fertilization (NOAA, 2019).

Four global bleaching events have been recorded between 1998 and 2024, coupled with the
regional outbreak of Stony Coral Tissue Loss Disease (SCTLD) in 2016, have contributed to
significant declines in coral cover and increases in macroalgal dominance across the FKRT
(Banister et al., 2024; Migliaccio, 2024). The conservation status of the FKRT grew especially
dire following the combined impacts from SCTLD and Hurricane Irma in 2017, which together
reduced coral percent cover from approximately 25% in the 1980s to just 5% in 2019 (NOAA,
2019). In response, the Florida Keys National Marine Sanctuary created a stakeholder group of
researchers, restoration practitioners, and representatives from state and federal agencies to
develop a comprehensive restoration strategy. The result was the Mission: Iconic Reefs (M:IR)
Project, a plan to restore the ecological function of seven iconic reef sites using cutting-edge
restoration techniques throughout the Florida Keys National Marine Sanctuary (NOAA, 2019).
The seven sites were selected from an initial pool of 37 based on the following criteria: projected
restoration success, biodiversity and habitat composition, ecological connectivity, compatibility
with human use, and the presence of enforcement and compliance measures. The seven reef sites
selected for restoration include: Carysfort Reef, Horseshoe Reef, Cheeca Rocks, Sombrero Reef,
Newfound Harbor, Looe Key Reef, and Eastern Dry Rocks. These sites span the FKRT,
representing various reef types and levels of human interaction, reducing ecological risk and

spreading economic benefits (NOAA, 2019).

The restoration plan follows a phased implementation strategy spanning 20 years. While
the specific targets differ by species and habitat type, the primary goal of M:IR is to increase the
percent cover of live coral on the reef to 25%. The number of adult corals needed to meet this
goal is site dependent as environmental factors such as marine heating, hurricanes, and disease
outbreaks can dramatically affect the growth rates and the number of coral outplants that survive.
M:IR has estimated how many mature living corals would be needed to reach this goal based on

each coral's average size and survival rate (NOAA, 2019).

The initial phase (Phase 1A) of the restoration plan consists of actively outplanting reef-

building coral to the reefs with a goal of restoring to 15% coral cover. This phase prioritizes



restoring Acropora palmata (elkhorn coral) due to its rapid growth and resistance to SCTLD,
which persists in affecting Florida and Caribbean stony corals (NOAA, 2019). 4. palmata is
frequently used in restoration due to extensive species decline, fast growth, and reproductive
through fragmentation. Once a dominant species along the FKRT, 4. palmata populations have
fallen by over 95% in Florida and the Caribbean due to a combination of disease and thermal
stress. As a result of this decline, the species was designated as threatened under the U.S.
Endangered Species Act in 2006 and later classified as critically endangered on the [IUCN Red
List in 2008. To this day, A. palmata recruitment and population levels remain low (Banister et
al., 2024).

The second restoration phase (Phase 1B) can be executed simultaneously with the first
phase, overseeing the outplanting of star, brain, pillar, and staghorn corals. Keystone grazers,
including long-spined sea urchins and Caribbean king crabs, will be introduced during this phase
to regulate algal growth and support coral recovery. Phase 2 has a restoration target of 25%
cover and includes restoration of smaller stony corals such as finger and blade corals, increasing
the biodiversity of the reef. M:IR estimates that approximately 5,000,000 coral fragments will be
required to grow the 500,000 coral colonies needed to achieve 25% coral cover. (PDF) As part of
the adaptive management process, adjustments can be made to the number of outplants needed as

more data is collected (NOAA, 2019).

2.3 Large Area Imagery (LAI) in Coral Monitoring

As coral restoration begins to scale up in terms of geography, extent, and species, the
implementation of large-area imaging (LAI) using structure-from-motion (SfM) photogrammetry
emerges as a pivotal area for advancement (Goergen et al. 2020). LAI refers to high-resolution
spatial imagery, typically derived from satellite or aerial imagery (Edwards et al., 2023). This
method allows for composite high-resolution images of extensive landscapes or seascapes. This
high level of detail provides valuable information about the spatial characteristics of the
surveyed area, making LAI an effective tool in natural resource management. In the context of
coral reef restoration, LAI allows researchers to monitor the health, extent, and distribution of
coral reefs over large geographic scales, identifying areas in need of conservation efforts, and

evaluating the effectiveness of restoration initiatives (Goergen et al. 2020).



2.4 Bayesian Hierarchical Modeling

Ecological models often face a core dilemma of whether the model should be simplified for
broader applicability, or incorporate complex factors to capture real-world dynamics (Clark,
2005). Simple models may fail to scale up to real-world environments because they fail to
capture the variety of factors at play in different settings and at different scales (Caswell, 1988).
In contrast, highly complex models with numerous fixed relationships and parameters can lead to
overfitting. The model fits one dataset very well but has very poor predictive power in different
setting. As a result, few ecological forecasts that aim for general applicability are supported by

empirical evidence (Clark, 2005).

As a result, we chose to employ a hierarchical Bayesian (HB) model because it can handle
complex ecological systems that involve multiple processes, scales, and sources of uncertainty,

something traditional frequentist approaches struggle with (Clark et al., 2003).

In general, Bayesian models express uncertainty in parameters by estimating posterior

distributions, using Bayes’ Theorem:

P(D|8)P(6)

P(8ID) = —— =5

where:

e P(6]D) is the posterior probability of parameters given the observed data.

e P(D|0) is the likelihood of the data given the parameters.

e P(0) is the prior distribution, which expresses beliefs about the parameters before seeing
the data.

e P(D) is the marginal likelihood, which serves as a normalizing constant

In particular, HB allows us to separate process variability (natural ecological variation) from
parameter uncertainty (lack of knowledge), offering more realistic confidence intervals than
simpler approaches that aggregate all uncertainty into a single error term (Clark, 2005).
Additionally, as new data becomes available, Bayesian models can adapt their estimates,

allowing for adaptive learning over time, which is useful for long-term ecological monitoring



(Carpenter, 2002). Lastly, Bayesian models can estimate observable or ‘latent’ processes. In a
HB model, all model unknowns, whether they are parameters or latent (unobserved) variables,
are assigned probability distributions (Clark, 2005; Wikle, 2003). The framework updates the
probability distribution of that variable by combining the prior information with what the
observed data reveals about the latent process (Clark, 2005). As a result, the uncertainty in the
latent variables is carried through the rest of the model. Rather than ignoring or fixing hidden
processes, the Bayesian framework explicitly acknowledges and quantifies the range of plausible

values for them (Berliner, 1996, Clark, 2005).

Usually there is a paragraph here at the end of the intro and before the methods that ties
together the research question/ hypotheses with what approach is taken in this work. You should

also address why you use a different set of data than is described in the intro.

3. Methods
3.1 Study Area

The training data was obtained from Palmyra Atoll National Wildlife Refuge, a remote
coral reef ecosystem located in the Northern Line Islands of the central Pacific Ocean (5.89° N,
162.08° W). It lies approximately 1,300 km south of Hawai‘i. Federally protected since 2001 as
part of the Pacific Remote Islands National Marine Monument, Palmyra is uninhabited aside
from a brief military occupation during World War II (Khen et al., 2022; Kodera et al., 2020).
The atoll's geographical isolation and minimal human impact make it an ideal natural laboratory
for studying coral reef responses to climate change in the absence of anthropogenic stressors

such as overfishing and pollution (Khen et al., 2024).

Palmyra’s reef habitats include forereef, reef terrace, and lagoonal environments, each
characterized by varying wave exposure, nutrient input, and temperature fluctuations (Fox et al.,
2019). The reefs are dominated by scleractinian corals, as well as crustose coralline algae, and a
high biomass of herbivorous fish species (Khen et al., 2024; Kodera et al., 2020). The

Pocillopora genus is notably prominent, accounting for roughly 15% of live coral cover and 12%



of colony abundance on the forereef, and plays a key ecological role due to its rapid growth and

turnover rates (Kodera et al., 2020).

Long-term monitoring of Palmyra’s coral reefs have recorded the reefs responses to
multiple thermal stress events, including the 1982—-1983, 1997-1998, 2009, and 2015-2016 El
Nino events (Fox et al., 2019; Khen et al., 2022). Surveys conducted in 1985 reported healthy
Acropora stands on Palmyra’s reef terrace, suggesting limited coral mortality during the 1982—
1983 El Nifio event, whereas subsequent bleaching and mortality occurred during the 1997-1998
event, with some recovery observed by the early 2000s (Fox et al., 2019). Surveys conducted in
2009 documented mild bleaching when sea temperatures exceeded thermal thresholds, yet no

significant coral mortality was observed (Khen et al., 2022),

Palmyra Atoll continues to serve as a valuable reference point for studying climate-driven
changes in coral reef communities, providing a crucial reference point for understanding coral

response to thermal stress.

3.2 Data Collection
3.2.1 Coral Data

An LAI approach was used to collect 2D orthomosaics of coral reefs at Palmyra Atoll
from 2013 to 2019. Surveys were conducted at seven 100 m? permanent monitoring sites
(totaling 70,000 m?) across the forereef, positioned at a depth of approximately 10 meters. Data
acquisition involved two mounted Nikon D7000 (16.2 MP) DSLR cameras. The first camera was
set to an 18 mm focal length to collect large-area imagery. The second camera, at 55 mm focal
length, provided high-resolution reference images for species identification. Divers deployed
reference markers and recorded GPS coordinates to ensure accurate georeferencing. The imaging
survey followed a lawnmower-style transect pattern, running parallel and perpendicular to the

shore to ensure sufficient overlapping image coverage. (Cook et al., 2023; Kodera et al., 2020).

The images were imported into Agisoft Metashape which employs SfM techniques to
generate a dense point cloud from which 3D models can be derived. These models were
converted into 2D orthomosaics using Viscore, allowing for accurate planar surface

measurements. Analysis of coral growth, shrinkage, recruitment, and mortality at the colony-



level was conducted using TagLab software, a platform designed for temporal tracking of coral

colonies (Cook et al., 2023).

3.2.2 Thermal Stress Data

Thermal stress data was obtained from NOAA’s Coral Reef Watch, which provides open-
source remote sensing data on global ocean temperatures that are essential for monitoring coral
health. Data on Degree Heating Weeks (DHW), was extracted from the Northern Line Islands, in
which Palmyra Atoll is included (NOAA Coral Reef Watch Version 3.1 Daily Skm Satellite
Regional Virtual Station Time Series Data for Northern Line Islands, 2025) DHW is a
measurement of accumulated thermal stress over time, measured on a 12-week rolling basis.
DHW is calculated as the deviation from the Maximum Monthly Mean (MMM). The MMM
represents the maximum temperature corals of that region experience under non-stressful
conditions (Liu et al., 2017). Bleaching risk is categorized into alert levels based on DHW
thresholds: Level 1 begins at 4°C-weeks (reef-wide bleaching onset), Level 2 at 8°C-weeks
(bleaching with mortality of sensitive taxa), and more severe mortality events are expected at
DHW values >12°C-weeks (Level 3) and >16°C-weeks (Level 4). At the highest threshold of
20°C-weeks (Level 5), widespread mortality exceeding 80% of coral colonies becomes likely.
("NOAA Coral Reef Watch: Daily Global Skm Satellite Coral Bleaching Heat Stress
Monitoring," 2024).

3.3 Data Analysis

Both the coral and DHW data was imported into R Version 4.4.3 language (R Core
Team, 2025) for processing and statistical analysis. Each coral colony was assigned an identifier
to enable tracking across years. The planar surface area of each colony was recorded annually,
and colony growth was defined as the proportional change in colony size between time points.
Mortality was defined as a total loss in coral area shown as a 100% reduction in coral area from
the previous time point to the next. Recruitment was defined as the appearance of a coral colony

after the first survey in 2013.

Thermal stress was quantified as the maximum DHW level the corals experienced that

year. This metric was then used as a predictor of coral mortality under the assumption that



prolonged exposure to elevated thermal conditions exacerbates bleaching events and increases

mortality risk.

3.4 Model Selection

We constructed three Bayesian hierarchical models to estimate key demographic
processes: growth, recruitment, and mortality. Each model accounts for variability at both the

species and/or colony level and utilizes heat stress as a predictor of ecological response.

3.4.1 Bayesian Coral Growth Model

We modeled growth rate as a function of coral size and maximum cumulative heat stress

the corals experienced that year (measured as Max DHW), with random effects for species

(Uspecies(i] ~ NV (0, 0&yecies ) and individual colonies:

GI‘OWth Ratei‘t =a+ ﬁl - Max DHWi,t + ﬁz - Max DHWi,(t—l) + Bg - Max DHWi,(t—Z) + ﬁ4

. log(CoralSizei‘t) + uClass[i] + eij
Eij ~ N(O, 0'2)

Coral Sizej

Where the growth rate is defined as log( ) of an individual of species i at

Coral Sizej (t—1)
time ¢, and DHW®® represents the maximum DHW exposure & time intervals before the current
observation. This lagged DHW term was chosen to capture the delayed effects of thermal stress,

as coral responses to stress often unfold over time (Osborne et al., 2017).

3.4.2 Bayesian Recruitment Model

Coral recruitment was modeled as a binary outcome, indicating whether a specific colony
had experienced its first recruitment event based on current year and lagged DHW, with a

random effect for species-specific effects (Ugpecies[i])-

logit(p;;) = o + B - Max DHW,; + B, - Max DHW,; ? + B3 - Previous Year Mortality

+ uSpecies[i]

First Recruitment Event;; ~ Bemoulli(pi ]-)



3.4.3 Bayesian Mortality Model

Coral mortality was modeled using a Bernoulli likelihood with a logit link. The model
estimates the probability that each coral colony will experience mortality over a given time
interval based on size, and current and lagged DHW levels. Each coral colony j of class i at

either dies or survives in each time period (k), modeled as a Bernoulli trial with probability p; j .

logit(pijk) =a+ B -log(CoralSize)ij + B2 - Max DHW;ji + B3 - Max DHWS-_I) + By

-2
+ Max DHWS ) + uSpecies[i] + VCoralID[j]
Mortalityijk ~ Bernoulli (pl- jk)

3.4.4 Prior Specification and Rationale

All models were assigned weakly informative priors to reflect ecologically plausible
ranges for parameters while providing sufficient regularization to ensure convergence. In the
coral growth rate model, which predicts log-relative changes in coral size as a function of
thermal stress and planar area, we assigned standard normal priors V'(0, 1) to all fixed effect
coefficients and the intercept. This reflects the expectation that most predictors have small to
moderate effects on growth rate, while allowing flexibility for stronger relationships. A Student’s
t distribution was used for the response variable to accommodate potential outliers or heavy-
tailed behavior in growth rates, with the degrees of freedom parameter v assigned a gamma
(2,0.1) prior. This favors moderately heavy tails while maintaining adaptability. The model
includes a random intercept for coral class, with the associated standard deviation given an
exponential prior Exponential(1), favoring small but nonzero variation among taxonomic

groups.

For the recruitment model, which predicts the occurrence of a first recruitment event as a
binary outcome, we again applied V'(0, 1) priors to the fixed effects to allow for moderate
changes in log-odds. The intercept prior was set to NV'(—1.75, 1), centering the prior around a
baseline recruitment probability of approximately 14% on the logit scale, based on observed field
patterns. The random intercept for coral class used the same exponential prior on its standard

deviation.



Finally, for the coral mortality model, which used a Bernoulli likelihood to predict
mortality events, we specified variable-specific priors to reflect domain knowledge. The effect of
coral size (log-transformed) was given a V' (0, 0.75) prior, allowing for stronger possible size-
related effects. The heat stress predictors (current year and lags) were assigned tighter V'(0, 0.5)
priors, reflecting an assumption of moderate thermal impacts. The intercept was given a prior of
N (—1.5,1.5) placing the baseline mortality rate around 18%. As with the other models, the

class-level random intercept was regularized using an Exponential(1) prior.

3.4.5 Model Constraints & Convergence Analysis

All models were fitted in R, which provides an interface to the probabilistic programming
language Stan (Biirkner, 2021; Stan Development Team, 2025). Posterior distributions were
estimated via Hamiltonian Monte Carlo (HMC) sampling using the No-U-Turn Sampler
(NUTS), an adaptive algorithm well-suited for hierarchical models with complex parameter

spaces (Biirkner, 2021).

Model fit was assessed using Leave-One-Out (LOO) Cross-Validation and posterior
predictive checks. Each model was run with 4 chains, 4000 iterations per chain, and convergence
was verified using Gelman-Rubin R-hat diagnostics (R < 1.01), and effective sample size (ESS)

to ensure sufficient posterior exploration.

3.5 Coral Cover Forecasting Under Future Climate and OQutplanting Scenarios

A forward simulation framework using the posterior predictions from the Bayesian
demographic models. The simulation was initialized using data from the surviving corals in

2019, representing the population baseline to begin the projection.

At each time step, individual colony growth, recruitment, and mortality were simulated
by drawing from the posterior predictive distributions of their respective Bayesian models, each
conditioned on colony-specific traits (e.g., species, initial size) and environmental covariates

(e.g., DHW, lagged DHW).

Coral colony dynamics were projected from 2020 to 2030 as a function of maximum
yearly DHW and varying levels of outplanting. At each time step, colony growth was updated by

drawing posterior predictions from the coral growth model and adding the predicted growth to



the existing colony size. Colony survival was determined via a Bernoulli process using predicted
mortality probabilities derived from the posterior mean of the mortality model. New recruits
were stochastically generated using predicted probabilities from the recruitment model. Recruits
were assigned species-specific initial sizes based on the average recruit sizes observed in the

study.

Outplanted colonies were introduced annually from 2025 to 2030, with 200 individuals
per year. These individuals were assigned species-specific initial sizes and average growth rates
derived from empirical field data, and were treated equivalently to recruits in subsequent growth

and mortality projections.

The colony-level data was aggregated by year to compute total coral area and percent

cover per species. Percent cover was calculated as:

Net
.~ Coral Area
2iz ) x 100

Percent Cover,; = (Total Survey Area

where ¢ indexes coral species and t indexes year. Simulations were performed with fixed random
seeds for reproducibility. Each scenario was run as a single forward projection; however,
ensemble simulation replicates can be incorporated in future iterations to estimate forecast

uncertainty.

4. Results
4.1 Coral Growth Model

Marginal colony growth rate was negatively correlated with coral size (posterior mean = -
0.03, 95% CI =[-0.04, -0.02]), revealing that larger colonies consistently led to a diminishing
return on growth. Maximum DHW in the current year had a small but consistent negative effect
(posterior mean = -0.0014, 95% CI = [-0.193, 0.360]) indicating that same year thermal stress is
associated with partial coral mortality (or negative growth). Unexpectedly, Maximum DHW

from one year prior was positively associated with coral size (0.0044, 95% CI =[0.0037,



0.0050]), while the two-year lag once again had a negative effect (posterior mean = -0.0018,
95% CI =[-0.0025, -0.0011]).
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Max DHW (Max DHW),,
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(Max DHW) , log(Coral Size)

Figure 1. Predicted relationships between coral growth rate and four covariates: maximum Degree Heating Weeks (DHW) in the

current year, lagged one year, lagged two years, and log-transformed coral size. Shaded areas represent 95% credible intervals.

All model diagnostics indicated strong convergence (R = 1.01) for all parameters;
effective sample sizes > 950 for all fixed effects. Residual standard deviation was low (¢ = 0.35,
95% CI =10.34, 0.56]), suggesting the model captured a large portion of variation in colony size.
The estimated Bayesian R? was 0.0218 (95% CI =[0.0188, 0.0249]), indicating that the while
consistent directional effects were captured by heat stress and colony size, unmodeled factors

contribute to the majority of variation in the data.
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Figure 2. Posterior predictive check of the Bayesian growth model. Overlay of the observed distribution (dark blue line) and

posterior predictive distributions (light blue lines) from the model.

Posterior predictive checks (Figure 2) indicate that the distribution of the simulated data
closely aligns with the observed data, with no evidence of systemic bias, as residuals appeared

symmetrically distributed.

4.2 Recruitment Model

All chains of the recruitment model converged (R = 1.00), with high effective sample
sizes (Bulk and Tail ESS > 2,000), indicating reliable estimates across all parameters.
Recruitment probability was negatively associated with current year Maximum DHW (mean = -
0.02, 95% CI =[-0.03, -0.02]) and Maximum DHW from two years prior (mean = -0.07, 95% CI
=[-0.08, -0.06]). However, the strongest effect came from previous year mortality (mean = -
5.49, 95% CI = [-6.95, -4.36]). This indicates that colonies exposed to current and past thermal
stress are far less likely to undergo successful recruitment, particularly when colonies of a

specific species underwent prior-year mortality.
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Figure 3. Posterior effect estimates of covariates on recruitment probability. Predicted relationships between coral recruitment probability and
maximum DHW at different time lags, as well as prior-year mortality rate

Coral species accounted for a moderate amount of variability in recruitment probability
(6 =0.23, 95% CI =[0.12, 0.42]), indicating some baseline taxonomic differences in recruitment

probability.




4.3 Mortality Model
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Figure 4. Predicted relationships between current, lagged, and lagged two-year DHW, as well as log-transformed coral size.

All chains of the mortality model converged (R < 1.01), and effective sample sizes were

high across all parameters (Bulk ESS > 600, Tail ESS > 1,500), indicating reliable posterior

estimation.

Current year Maximum DHW was positively correlated with mortality (mean = 0.03,
95% CI=10.02, 0.03]), indicating that same year thermal stress significantly increases the
probability of mortality. Like the growth model, Maximum DHW from the prior year had a
negative effect on mortality (mean = -0.06, 95% CI = [-0.06, -0.05]), while Maximum DHW
from two years prior again had a positive correlation with mortality (mean = 0.05, 95% CI =

[0.04, 0.05]). These findings suggest that DHW has both acute and delayed effects on colony

mortality.

Taxonomic variation accounted for a moderate portion of variability in the baseline

mortality risk (o = 0.23, 95% CI = [0.12, 0.42]).



4.4 Forward Simulation Framework

The posterior predictions from the demographic models were applied to the surviving

colonies in 2019 to simulate coral percent cover trajectories from 2020 to 2030 under different

thermal stress and outplanting scenarios. Annual predictions of growth, mortality, and

recruitment were applied to previous year’s data to generate next year predictions. To visualize

these results, three different restoration scenarios were modeled: 1) no thermal stress or

outplanting, (2) observed and predicted thermal stress without restoration, and (3) restoration via

annual Acropora outplanting beginning in 2025 under continued stress.

No Stress, No Outplanting

Stress, No Outplanting

Stress -+ Outplanting

Species 2020 2030 Percent Change 2020 2030 ercent Chan{ 2020 2030 Percent Change
Acropora spp. 0.267 0.186 -30.24% 0.302 0044 -B531% 0250 3.902 1463.72%
Astrea curta 0.277 0.414 49.707% 0.276 0.244 -11.81% 0270 0.244 -B35%
Gonitasirea stelligera 0.256 0.340 32.95% 0.238 0118 -50.20% 0.262 0.121 -53.94%
Hydnophora micronos L.118 2786 149, 17% L1117 2005 T9.52% 1.075 1.937 80.25%
Pavona massive 0092 0.051 -44.41% 0.100 0027 “T2.74% 0113 0.013 -B8.64%
FPavona submassive 0.165 0325 96.46% 0160 0186 16.62% 0146 0164 11.68%
Pocillopora 1.484 5177 248.95% 1.408 3570 153.56% 1.385 3075 122.00%
Pocillopora grandis 0024 0.1895 697 800 0.03% 0111 182.3%% 0.035 0.064 B2.75%
Porites massive 3726 3583 -3.82% 3.686 2811 -23.75% 3677 .10z -13.63%
Total T.409 13.058 T6.26% 7317 9117 g 24.44% 7212 12.622 T75.01%

4.4.1 No Outplanting, No Additional Thermal Stress

Figure 5. Species specific percent cover change under three climate and restoration scenarios.

This simulation predicts coral recovery in an idealized scenario with no elevated DHW

post-2019. During this projection period, total coral cover was predicted to increase from 7.409%

to 13.058%, a 76.26% increase in total cover. While total cover increased, species composition

shifted towards a less diverse state. Acropora spp., Pavona massive, and Porites massive were all

projected to experience a reduction in percent cover at the end of the projection period. Acropora

spp. decreased by about 30% from 2020 to 2030, while Pocillopora grandis increased by

~700%, indicating a wide range of variation in resiliency between coral taxa.




4.4.2 No Outplanting, With Stress Events

This projection predicts coral cover change based on observed maximum DHW between
2019-2024 as well as hypothesized maximum DHW values between 2025-2030. During this
projection period, total coral cover was projected to increase by approximately 24% in cover by
2030. The only coral taxa to increase in coral cover were Pocillopera grandis, Pocillopora, and
Pavona submassive. However, the projected growth for these three species dropped significantly
from the no stress scenario. All other species exhibited a reduction in percent cover, revealing

these species to be the most resilient to thermal stress.

4.4.3 Acropora Outplanting with Stress Events

This simulation trials observed and predicted future heat stress under the scenario that
200 Acropora spp. are outplanted each year beginning in 2025 to 2030. Predictably, Acropora
cover had a predicted increase of close to 1500%, increasing from 0.250% to 3.902% by the end
of the projection period. Acropora spp. was one of the coral taxa that experienced the most
decline in the non-outplanting scenarios. However, outplanting 200 corals per year within the
monitoring plots is projected to increase Acropora cover to the taxa with the most cover,

followed closely by Porites massive.
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Figure 6. Line plot of the cumulative annual survival probability of Acropora spp. colonies following outplanting.

The post-outplant survival rate of Acropora spp. was notably low, with fewer than 50%
of the outplants persisting until 2030. Despite the high initial mortality, surviving individuals
made a disproportionately large contribution to total coral percent cover within the monitoring
plots. The projections underscore the critical nature of high-density outplanting in restoring

meaningful results in the structural integrity of the reef.
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Figure 7. Projected coral percent cover by species from 2020 to 2030 under (top) no thermal stress, (middle) observed and

forecasted thermal stress, and (bottom) forecasted thermal stress with outplanting.




5. Discussion

This study aimed to improve predictive capabilities in coral restoration by developing a
species-specific, process-based framework linking demographic responses: growth, recruitment,
and mortality, to thermal stress and environmental metrics. Specifically, we modeled how
varying scenarios of thermal stress and outplanting impact the trajectories of reef recovery. Our
results highlight several major outcomes: (1) Coral demography is highly sensitive to acute
thermal stress as well as thermal history, with evidence for both delayed negative impacts and
potential post-disturbance compensatory effects. (2) While outplanting can slow the decline and
temporarily increase coral cover, it could not fully reverse the projected decline in coral cover
under continued warming. (3) A lack of spatial structure and environmental averaging masks
fine-scale variability across depth, exposure, or microhabitats, which significantly shape

demographic processes.

5.1 Growth Model

Same-year thermal stress (Max DHW) displayed a minor negative effect on growth rate,
consistent with widespread observations that bleaching and associated physiological damage
reduces endosymbiont cell density and calcification rates (Grottoli et al., 2014). In contrast,
thermal stress from one year prior (Max DHW?+.1) exhibited an unexpected positive association
with growth. This may reflect a form of post-disturbance selection, where only thermally tolerant
individuals survive, and these survivors then acclimatize and grow at faster rates in subsequent
years (Grottoli et al., 2014). Thermal stress two years prior (Max DHW:1.2) again had a negative
effect on growth rate, suggesting that the benefits of selection or release from competition may
be short-lived. This oscillating pattern could reflect site-specific ecological time-lags that warrant
further investigation. However, we cannot exclude the possibility that this pattern is a statistical
artifact. It may reflect a survivor bias, wherein only heat-tolerant colonies persisted after a stress
event and subsequently exhibited above-average growth. Future models could address this by
incorporating colony-specific thermal histories, site random effects, and interaction terms

between current and lagged stress metrics.

Colony size was also a strong predictor, with larger colonies growing more slowly on a

proportional basis. Colony size was negatively associated with marginal growth rate, results



consistent with the findings of previous studies on Pocillopora spp. (Kodera et al., 2020); Porites
astreoides, (Hughes & Jackson, 1985); Acropora palmata and Porites astreoides, (Bak &
Meesters, 1998); Porites superfusa, (Furby et al., 2017), suggesting that colony size is a

consistent predictor of marginal growth rates across systems.

The narrow confidence intervals around each conditional effect indicate high certainty in
the estimated direction and magnitude of fixed effects. However, residual variance remains
substantial, suggesting that additional unmodeled factors still influence growth but are not fully

captured by the current model structure.

5.2 Recruitment Model

A statistically significant negative relationship was observed between current-year thermal stress
(Max DHW) and the probability of a recruitment event (f = -0.02, 95% CI: [-0.03, -0.02]). This
aligns with existing evidence that elevated heat exposure reduces larval settlement success and
post-settlement survival (Nozawa & Harrison, 2007; Ross et al., 2013). More strikingly, thermal
stress two years prior (Max DHW+t.2) had an even stronger negative effect on recruitment (B = -
0.07, 95% CI: [-0.08, -0.06]), suggesting that recruitment suppression may persist long after
thermal anomalies subside. This lagged effect could result from cumulative impacts on substrate
quality, algal overgrowth, microbial shifts, or the depletion of upstream larval sources (Banister

et al., 2024; Cresswell et al., 2024).

The most powerful predictor in the model, however, was mortality in the prior year
(Mortalityt-1). The relationship was strongly negative and nonlinear ( = -5.49, 95% CI: [-6.95, -
4.36]), indicating that recruitment probability declined sharply as prior-year mortality increased.
This pattern suggests that mass mortality events lead to broader ecological destabilization, such
as algal phase shifts, loss of settlement cues, or the disruption of reproductive processes like

spawning events.

5.3 Mortality Model

Same-year thermal stress (Max DHW) significantly increased the probability of
mortality. This reinforces well-established links between bleaching-level heat exposure and

colony death(McClanahan et al., 2009) and confirms that acute heat stress remains a dominant



proximate cause of coral loss (McClanahan et al., 2009). The conditional effects plot shows a
steady increase in mortality risk with rising DHW, and the posterior distribution of the

coefficient was narrow and strongly positive (B = 0.03, 95% CI: 0.02 to 0.03).

Similar to the growth model, lagged thermal stress (Max DHW:.1), had a negative effect
on mortality. Colonies exposed to heat stress in the prior year were less likely to die the
following year, a pattern that may reflect survivor bias or the development of acclimatization
mechanisms (van Woesik et al., 2011). Only the more resilient colonies likely persisted through
the initial heat stress and were less vulnerable in the aftermath. Importantly, the credible interval
for this effect was also tight and clearly negative (B = -0.06, 95% CI: [-0.06, -0.05]), supporting
this interpretation with strong certainty. Moreover, findings by Fox et al. (2019) and Khen et al.
(2022) highlight that even under extreme DHW events, mortality can be modest in certain reef
settings, particularly those with high daily thermal variability or high herbivore abundance. This
suggests our mortality projections may be conservative in highly resilient ecosystems like
Palmyra or other low stressor refugia. Thermal stress two years prior (Max DHW1.2) had a
significant positive effect on mortality, possibly indicating delayed physiological damage or

compounding sublethal stress that undermines long-term survival.

The strongest single predictor of mortality was colony size. The model showed that larger
colonies had substantially lower mortality risk (B =-0.23, 95% CI: [-0.25, -0.21]), with a steep
decline in predicted probability across the range of colony sizes. Smaller colonies have higher
surface-area-to-volume ratios, lower energy reserves, and greater susceptibility to dislodgement

or partial mortality (Kodera et al., 2020).

5.4 Forward Simulations and Restoration Forecasting

Forward simulations projected continued declines in the majority of corals under
moderate to high thermal stress, even if a few select taxa contributed to an overall increase in
cover. These results reinforce findings from the National Academies of Sciences, which
concluded that while restoration may offset acute losses, it cannot alone secure reef persistence
under chronic climate pressure (National Academies of Sciences & Medicine, 2019). Our
simulations showed that outplanting partially slowed cover loss, especially for fast-growing taxa

like Acropora spp., but did not restore historical composition or structural complexity. These



findings are consistent with Morikawa and Palumbi, who argue that restoration benefits are

maximized when combined with assisted evolution and local stressor mitigation (Morikawa &

Palumbi, 2019).
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Figure 8. Species-specific projections of coral cover through 2030 with 95% credible intervals.

Due to the probabilistic nature of Bayesian posterior distributions, as well as the random
nature of the forward simulation framework, projected outcomes vary across model runs. Figure
X depicts 95% confidence intervals for each coral taxa based on 100 model simulations. Taxa
such as Acropora spp., Pocillopora, and Hydnophona micronos exhibit relatively narrow
intervals. This is an indication of consistent predictions of upward trends in cover and low
sensitivity to stochastic variation. In contrast, species like Pavona submassive, Astrea curta, and
Pocillopora grandis display wider intervals, reflecting greater uncertainty in their responses to
environmental conditions. Despite the greater spread in the credible intervals, the absolute scale
of variation is quite low due to the low initial cover of these taxa. The maximum range between

the upper and lower credible bounds is approximately 0.13% for Pavona submassive, 0.1% for




Pocillopora grandis, and 0.07% for Astrea curta. While model projections diverge in direction,

the ecological significance of these changes may be limited due to their small magnitude.

5.6 Model Limitations and Assumptions

Our modeling approach rests on several simplifying assumptions. We relied exclusively
on maximum annual DHW values as our sole metric of thermal stress. While DHW is a widely
used and validated metric of accumulated heat stress, it does not capture the full range of thermal
exposure dynamics, including duration, frequency, or variability of sub-bleaching stress events
(Mason et al., 2025). Although some temporal dimension is implicitly built into DHW, using
only maximum values may discount ecologically important differences between short, intense
heat waves and prolonged moderate stress. Exploring additional metrics, such as repeated
thermal stress, stress duration, or intra-seasonal variability, may capture greater detail in future
forecasting models, especially when evaluating chronic stress scenarios (Safaie et al., 2018;
Wyatt et al., 2020). The DHW data we used were remotely sensed and spatially averaged over
relatively coarse grid cells. Such averaging can mask fine-scale spatial heterogeneity in thermal
stress, which is influenced by depth, reef geomorphology, current exposure, and shading
(Burgess et al., 2021; Wyatt et al., 2020). For example, shallow backreef lagoons may retain heat
more effectively than well-flushed fore reefs or deeper habitats, leading to significant within-reef

variation in bleaching risk, variation our model cannot capture (Wyatt et al., 2020).

Our recruitment model has a major structural limitation. While it captured low baseline
recruitment consistent with empirical observations, it lacked mechanisms to account for spatial
dynamics, larval dispersal, or habitat suitability (Hughes et al., 2003). Coral recruitment is
strongly shaped by connectivity between larval sources and settlement sites, substrate
composition, structural complexity, and biophysical processes like current speed and direction
(Baird et al., 2009; Cresswell et al., 2024). Within-reef heterogeneity can produce highly uneven
recruitment landscapes that our uniform modeling structure does not capture(Cresswell et al.,
2024). The absence of spatially explicit or site-level covariates limits our model’s ability to
disambiguate ecological drivers from statistical co-occurrence. Spatial clustering of key genera,
such as Pocillopora and Porites, may also lead to recruitment overdispersion that our uniform

spatial structure fails to capture (Edwards et al., 2017).



Additionally, while our model treated successful recruits as immediately contributing to
percent cover, empirical studies have shown that juvenile corals can remain in a high-mortality
bottleneck for 45 years, with functional contributions to reef structure delayed or lost entirely
due to dislodgement, overgrowth, or partial mortality (Sarribouette et al., 2022). Our lack of size-
or age-specific survival in this stage means we may overestimate the demographic importance of
early recruits. We lack spatially resolved habitat and connectivity data, Similarly, we assumed
that outplanted colonies contributed immediately and equivalently to coral cover, omitting the
potential for establishment lags, early mortality, or spatial variation in success rates. In practice,
survival and growth of outplants can vary significantly depending on site conditions, species-
specific traits, all of which are likely to affect restoration effectiveness (Shaver & Silliman,

2017).

While additional disturbances such as crown-of-thorns starfish (COTS) outbreaks have
been documented at the study site, particularly during the 2016—-2017 period (personal
communication, Amanda Pollock, February 2025; see also Khen, 2022), we elected not to
include this variable in our modeling framework. This was an intentional decision based on the
geographic management context: COTS are not present in Florida, and including this predator-
driven mortality driver would reduce the transferability of our model to Florida reef restoration
scenarios. As a result, our estimates of stress-induced mortality and shrinkage may be inflated,

reflecting a potential case of omitted variable bias.

Finally, it is important to acknowledge the low explanatory power of our models, as
indicated by Bayesian R? values. The growth, mortality, and recruitment models exhibited low
explanatory power of the variance in the observed outcomes (R* = 0.02, 0.06, and 0.04,
respectively). While these values are not uncommon in ecological systems characterized by high
stochasticity and individual-level heterogeneity, they suggest that a substantial proportion of
demographic variability remains unexplained by processes not captured in the current model
framework (Lin & Wiegand, 2023). Despite the relatively low R? values, the models still
captured significant directional effects of thermal stress and size, and serve as a baseline for

more detailed, data-rich forecasting frameworks moving forward.



5.7 Future Directions and Model Improvements

Future model iterations should strive for a spatially explicit structure. Benthic habitat
classifications, larval connectivity matrices, and site-specific environmental profiles can reveal
fine-scale patterns in demographic potential that aggregated models miss (Cresswell et al., 2024).
Embedding species-specific demographic processes within a spatial metacommunity framework

would allow for more targeted identification of restoration hotspots and resilience zones.

Additionally, incorporating colony history, such as partial mortality, or sublethal stress
accumulation, could significantly refine estimates of growth and survival (Kodera et al., 2020).
Measuring variation in outplanting performance across taxa, sizes, or reef type would improve
the model's ability to capture real-world outcomes. Characterizing outplanting effects by species
or habitat type, could enhance its relevance for evaluating restoration scenarios under future

stress regimes.

5.8 Broader Relevance for Restoration and Policy

This modeling framework offers actionable insights for reef managers and policymakers
advancing large-scale initiatives such as Mission: Iconic Reefs. By linking species-specific
demographic processes to projected changes in coral cover, the model helps translate restoration
inputs into ecological outcomes. Importantly, it highlights that restoration effectiveness is highly

contingent on spatial and ecological context.

While outplanting can provide meaningful short-term gains in coral cover, long-term reef
resilience will depend on a broader, adaptive strategy, one that reduces local stressors, and
facilitates natural recovery processes through enhanced connectivity and habitat quality. As
restoration efforts scale globally, tools like this can help ensure that interventions are both
targeted and ecologically grounded, supporting significant reef recovery in an era of rapid

environmental change.
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9. Appendix
9.1 Growth Model

Growth Model

Parameter Estimate Est.Error QZ.S Q97.5
Intercept 0.2762 | 0.0397 | 0.1933 | 0.3596
Max DHW (Current Y ear) -0.0014 [ 0.0004 [ -0.0021 ] -0.0006
Max DHW (Lag 1 Year) 0.0044 | 0.0003 [ 0.0037 | 0.005
Max DHW (Lag 2 Years) -0.0018 [ 0.0004 | -0.0025]-0.0011
Log Colony Size -0.0313 [ 0.0041 |-0.0391] -0.0232
SD of Class Intercepts 0.0931 0.0259 | 0.0568 | 0.1763
sigma 0.3478 | 0.0049 0.338 | 0.3575
nu 1.9218 | 0.0466 | 1.8336 | 2.0161
Acropora spp . (random effect) -0.0158 | 0.0645 |-0.1556| 0.1093
Astrea curta (random effect) -0.1139 | 0.0339 |-0.1859 | -0.0406
Goniastrea stelligera (random effect) -0.1 0.039 |-0.1861 | -0.0245
Hydnophora micronos (random effect) 0.0197 | 0.0342 | -0.053 | 0.0934
Pavona massive (random effect) -0.0162 | 0.0487 |-0.1154| 0.0862
Pavona submassive (random effect) 0.0098 0.0412 |-0.0768 | 0.0952
Pocillopora (random effect) 0.127 0.0335 | 0.0547 0.2
Pocillopora grandis (random effect) 0.0975 0.0527 | -0.0041 | 0.2135
Porites massive (random effect) -0.0033 | 0.0329 [-0.0774 | 0.0701

Figure 9. Posterior summary of parameters from the coral growth rate model.
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Figure 10. Trace and posterior density plots for key parameters in the Bayesian growth rate model predicting coral colony-level
log-scale growth



9.2 Recruitment Model

Recruitment Model

Parameter Estimate Est.Error Q2.5  Q97.5
Intercept -0.9083 [ 0.0789 | -1.0863 | -0.7339
Max DHW (Current Y ear) -0.0243 | 0.0037 |-0.0314| -0.017
Max DHW (Lag 2 Years) -0.0713 | 0.0056 | -0.0827 ] -0.0601
Mortality (Lag 1 Year) -5.4457 | 0.6534 | -6.9463 | -4.3598
SD of Class Intercepts 0.2099 | 0.0639 [ 0.1203 | 0.4166
Acropora spp . (random effect) 0.4549 | 0.1011 | 0.2616 | 0.6839
Astrea curta (random effect) -0.1019 | 0.0928 |-0.3006| 0.0838
Goniastrea stelligera (random effect) -0.0039 | 0.0912 |-0.1962 | 0.1813
Hydnophora micronos (random effect) -0.1166 | 0.1038 | -0.342 | 0.0855
Pavona massive (random effect) -0.0085 [ 0.0912 [ -0.2106| 0.1872
Pavona submassive (random effect) 0.0141 0.0876 |-0.1748 [ 0.2045
Pocillopora (random effect) -0.0626 | 0.0812 |-0.2377| 0.1128
Pocillopora grandis (random effect) -0.0324 | 0.1236 |-0.2935] 0.2161
Porites massive (random effect) -0.121 0.0791 |-0.2978 | 0.0513

Figure 11. Posterior summary of parameters from the coral recruitment model.
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Figure 12. Trace and posterior density plots for parameters in the coral recruitment model.




9.3 Mortality Model

Mortality Model

Parameter Estimate Est.Error Q2.5 Q97.5
Intercept -0.4109 | 0.2334 |-0.9231| 0.103
Log Colony Size -0.2307 | 0.0099 |-0.2506|-0.2114
Max DHW (Current Year) 0.0278 | 0.0027 | 0.0222 | 0.0332
Max DHW (Lag 1 Year) -0.0551 | 0.0037 | -0.062 | -0.048
Max DHW (Lag 2 Years) 0.0485 | 0.0032 | 0.0422 | 0.0548
SD of Class Intercepts 0.6931 0.1773 | 0.4501 | 1.3299
Acropora spp . (random effect) 0.9903 | 0.2275 | 0.4897 | 1.5175
Astrea curta (random effect) -0.9546 | 0.2223 | -1.4658|-0.4384
Goniastrea stelligera (random effect) 0.0773 0.2261 |-0.4373| 0.6034
Hydnophora micronos (random effect) -0.7427 | 0.2278 |-1.2601|-0.2276
Pavona massive (random effect) 0.3538 0.2336 | -0.181 | 0.8908
Pavona submassive (random effect) -0.0989 | 0.2272 |-0.6222 | 0.4207
Pocillopora (random effect) -0.0215 | 0.2215 |-0.5402| 0.496
Pocillopora grandis (random effect) 0.7826 0.2479 | 0.2498 | 1.3641
Porites massive (random effect) -0.4132 | 0.2219 |-0.9329| 0.0937

Figure 13. Posterior summary of parameters from the coral mortality model.
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Figure 14. Trace and posterior density plots for parameters in the coral mortality model.
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