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ABSTRACT

Loose, persistently unstable rubble beds are increasingly common on coral reefs due to climate-driven distur-
bances and human impacts. These rubble beds often act as bottlenecks to reef recovery and typically do not
stabilize without intervention. Rubble stabilization is used globally to restore degraded reefs, but there has been
limited synthesis of its effectiveness across methods and environments. A growing need exists to translate current
knowledge into practical guidance to support management and improve restoration outcomes. Bayesian Belief
Networks (BBNs), useful for modeling complex systems with substantial uncertainty, were applied in this study to
support decision-making in rubble stabilization. The model integrates expert knowledge and global data on
restoration outcomes over time and in various environments. This study compares coral cover benefits of sta-
bilization methods, including Reef Bags, flat meshes and grids, elevated frames, and solid structures, with and
without coral outplants. Benefits were defined as the difference in coral cover between restoration and control
sites, attributable to outplanting or natural recruitment. All methods led to increased benefits over time, though
outcomes varied in magnitude and timing. Methods that included outplants generally produced earlier gains in
coral cover, but benefits were density-dependent and longer-term outcomes remain uncertain. Higher coral cover
benefits were associated with smaller rubble pieces, steeper slopes, and stronger hydrodynamic forces, provided
stabilization structures were well anchored and maintained, which is often challenging in practice. Improved
long-term monitoring, consistent terminology, and data sharing will be critical to strengthen model reliability
and support decision-making in the global reef community.
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1. Introduction

Globally, coral reefs face growing threats from climate change, with
disturbances becoming more frequent and intense (Hoegh-Guldberg,
1999; Hughes et al., 2003, 2018; McWhorter et al., 2022). Disturbances,
including extreme weather events, rising sea surface temperatures, and
human activities such as ship groundings and blast fishing, cause sub-
stantial damage to coral reefs, leading to their degradation and the
generation of vast amounts of rubble (Cheal et al., 2017; Hughes et al.,
2017; Riegl, 2001). Disturbance-generated rubble fields, mostly
composed of loose and unstable rubble pieces, often act as bottlenecks to
reef recovery, showing little to no recovery for years to decades (Alcala
and Gomez, 1979; Cameron et al., 2016; Chong-Seng et al., 2014; Dollar
and Tribble, 1993; Fox et al., 2019; Raymundo et al., 2007; Victor,
2008). These disturbed rubble fields present conditions that are often
unfavorable for the survival of coral recruits and live coral fragments,
thus limiting the establishment of coral colonies and impeding reef re-
covery (Kenyon et al., 2023a, 2024; Lewis et al., 2022). For example,
when loose rubble is mobilized, coral recruits attached to rubble pieces
are subjected to abrasion and smothering due to continual rubble
movement, leading to post-settlement mortality (Brown and Dunne,
1988; Clark and Edwards, 1995). As such, areas with persistent,
disturbance-generated rubble and limited natural recovery could
particularly benefit from rubble stabilization.

Rubble stabilization is an evolving approach aimed at restoring
loose, disturbed rubble fields to contribute to overall reef restoration
efforts (Ceccarelli et al., 2020). Stabilization methods aim to limit rubble
movement, provide alternative surfaces for coral recruitment, or both,
ultimately promoting coral growth and reef recovery. Some methods
also incorporate coral outplants to increase coral cover and accelerate
recovery. Significant progress has been made worldwide in developing
and refining rubble stabilization techniques, yet synthesis of project
outcomes has been limited (Kenyon et al., 2023a). This can largely be
attributed to the scarcity of monitoring and reporting, which is
commonly only carried out at local scales.

A comprehensive synthesis is critical for informing decision-making,
particularly as increasing rubble generation poses growing challenges
for reef management. Synthesizing these efforts presents considerable
challenges due to: 1) significant variation in rubble stabilization projects
in terms of goals, methods, timeframe, and spatial scale, and 2) limited
research on the effectiveness of different rubble stabilization methods
across environments. For example, while some stabilization projects
have long-term monitoring programs (>5 years), many others are
limited to short-term monitoring (usually 1-2 years), primarily due to
constraints in funding, resources, and logistical capacity (Leung et al.,
2024). In addition, there is currently no standardized approach for
monitoring and reporting rubble stabilization success, though recent
contributions have been made (Kenyon et al., 2024). Restoration success
is typically measured by indicators such as coral cover, recruitment
rates, or biodiversity (Bostrom-Einarsson et al., 2020; Goergen and
Gilliam, 2018; Howlett et al., 2021; Suggett et al., 2024), but the lack of
consistent metrics and monitoring protocols across rubble stabilization
projects makes it difficult to compare reported outcomes meaningfully.
While several studies have evaluated the effectiveness of rubble stabi-
lization, many focus on single locations or method, with few assessing a
broader range of methods across varying ecological and environmental
conditions. Moreover, many methods have not been tested within
scientifically rigorous frameworks, as they often lack control sites or
randomized trials, which are necessary for accurately evaluating the
effectiveness of restoration efforts (Goergen et al., 2020; Shaver et al.,
2020). As a result, much valuable information regarding restoration
outcomes remains unpublished as personal communications of expert
opinions or as grey literature.

To address these challenges, we provide a structured comparison
among the outcomes of various rubble stabilization methods across
different environments using a Bayesian Belief Network (BBN) that
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integrates global survey data and expert opinion. We categorized com-
mon rubble stabilization methods into four categories based on their
purpose and mechanisms, including 1) direct manipulation of the sub-
strate (e.g., Reef Bags), 2) addition of structures to restrict rubble
movement (e.g., flat meshes and grids), 3) addition of structures as an
alternative substrate (e.g., elevated frames and solid structures), and 4)
propagation of corals and sponges (e.g., coral outplanting and nurs-
eries). Restoration outcomes of these methods were modeled in a BBN, a
statistical framework suitable for representing complex systems when
there is uncertainty and incomplete knowledge using conditional
probabilities (Aguilera et al., 2011; Landuyt et al., 2013; Uusitalo,
2007). Given the nature of the data (inclusion of expert opinion), limited
scientific research and monitoring in rubble stabilization methods, the
ability of a BBN to infer missing data is especially valuable. Further-
more, BBNs provide transparency by offering access to all model results,
and they can be used in reverse to identify the input conditions most
likely to achieve desired outcomes (Baldock et al., 2019; Landuyt et al.,
2013). Hence, the BBN serves as a valuable tool for summarizing expert
opinions and identifying knowledge gaps in the context of rubble sta-
bilization for reef management. By evaluating how rubble stabilization
methods perform under different environmental conditions, the BBN
helps identify the sites most likely to benefit from stabilization, guiding
the selection of appropriate restoration strategies.

Using the BBN, four main research questions were addressed: 1) How
much ‘benefit’, in terms of coral cover (see detailed definition in Section
2.3), is provided by different rubble stabilization methods over time? 2)
How do methods with coral outplanting compare to those without in
terms of benefits? 3) How are outcomes influenced by the initial out-
plant density or coral cover? And 4) How effective are rubble stabili-
zation methods across different environments?

2. Methods
2.1. Overall workflow

The BBN was created using Netica version 7.01 (Norsys Software
Corporation, 2024), with data cleaning and formatting performed in R
version 4.3.1 (R Core Team, 2023) prior to generating the BBN in Netica.
Predictions of the BBN were also visualized in R. The workflow followed
these key steps: 1) design survey and collect data, 2) determine an
appropriate BBN structure, 3) remove data inconsistencies, 4) format
and pre-process survey data to ensure compatibility with Netica, 5)
generate conditional probability tables (CPTs) using Netica’s learning
algorithm, 6) evaluate model validity and sensitivity, and finally 7)
adjust the BBN manually based on expert opinion.

2.2. Survey design and data collection

The BBN utilized survey data collected during a workshop regarding
rubble stabilization, held from 17 to November 21, 2023 (Leung et al.,
2024). Experts with demonstrated field experience and technical
expertise in planning, implementing, as well as monitoring rubble sta-
bilization projects were invited to participate in an online survey con-
ducted using Qualtrics. The survey was designed to address gaps and
uncertainties relating to rubble stabilization methods, by capturing both
quantitative data on restoration outcomes and qualitative data deter-
mined by expert opinion, to supplement existing knowledge. A total of
24 individuals responded, providing 85 data points from 55
rubble-dominated sites across Australia, Indonesia, Malaysia, China,
Puerto Rico, the Philippines, Guam, the Maldives, and Thailand. Experts
were asked about site environmental characteristics (e.g., depth, expo-
sure, slope, rubble morphometrics), and restoration outcomes over time,
measured in terms of coral-centric metrics (e.g., coral cover, density of
recruits, and species composition). Additional data were drawn from
Clark and Edwards (1994); Fox et al. (2019); Raymundo et al. (2007) to
supplement the survey data. These sources were selected because they
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provided the necessary information to complete gaps in survey data
from the workshop. While some sources (Clark and Edwards, 1994;
Raymundo et al., 2007) are relatively dated and reef conditions may
have changed, these studies provide the most comprehensive and reli-
able quantitative estimates for meshes and solid structures to date,
which is essential given the limited documentation of rubble stabiliza-
tion outcomes.

For the BBN, at least one representative method from each of the
main categories introduced in section 1 was included (Fig. 1). Other
methods, such as rubble removal and barrier fences were included in the
survey but excluded from the BBN due to low replication. Methods were
grouped based on whether coral outplants were used in combination
with the stabilization structure. Coral outplants as a standalone method
to stabilize rubble (e.g., by cementing them onto rubble pieces; Rojas
et al. (2008)) was not included due to data limitations. Reef Bags
(Fig. 1a) refer to a method trialed on the Great Barrier Reef, where loose
rubble generated by cyclones was used to fill coconut coir mesh, aiming
to provide 3D structural complexity and promote rubble binding
without outplanting (Kenyon et al., 2025). The natural materials of the
bag eventually biodegrade. Elevated frames (Fig. 1b and c) are hollow
structures of various designs that provide an elevated surface above the
sea bed and rubble substrate for coral outplants, or recruits that settle on
the frames. These structures include A-frames, pyramid-shaped frames,
and irregular-shaped metal frames (e.g. framed reef modules; Liu et al.
(2024)), PVC frames (Chen et al., 2018), and designs such as Mars Reef
Stars (Williams et al., 2019). The original, unprocessed survey data
included elevated frames without outplants, but with only two data

a) b)
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points from the same environment. Due to low replication, these data
points were thus excluded, meaning that all elevated frames represented
in the BBN involve the addition of outplants. Flat meshes and grids
(Fig. 1d) are structures constructed from metal or plastic, laid flat
directly onto loose rubble and pinned in place to limit rubble movement.
Survey data for the BBN included both flat meshes with and without
outplants. Solid structures (Fig. 1e and f) refer to non-hollow structures
that provide an elevated and more extensive surface for coral recruits to
settle. These include rocks, concrete blocks, and ceramic structures such
as EcoReef modules. As with flat meshes, survey data for solid structures
included cases with and without outplants. Elevated frames and solid
structures can also indirectly limit rubble movement by reducing water
flow around the structures. Some methods are more popular than others,
due to their versatility and vast array of designs (Leung et al., 2024).
Data from cases where elevated frames were used, for example, make up
approximately 30 % of the case file used for CPT learning.

2.3. BBN design and data pre-processing

Raw data collected from the online survey was manually reviewed
and pre-processed to minimize inconsistencies and ensure data quality.
Data points were excluded if they lacked sufficient detail for inclusion in
the BBN model or did not meet the following criteria: 1) values present
for key outcome variables (recruitment-driven and outplant-driven coral
cover; see Fig. 2); 2) presence of site-specific field information (e.g.,
laboratory-based experiments); and/or 3) represented by one of the four
rubble stabilization method categories described in Section 2.2 (other

c)

Fig. 1. Various stabilization methods of which restoration outcomes are included in the survey data: (a) Reef Bags installed at Bait Reef, Great Barrier Reef (direct
manipulation of the substrate); (b) A-frames installed in the Nusa Islands, Indonesia (addition of structures as an alternative substrate); (c) Mars Reef Stars installed in
Pulau Bontosua, Indonesia, arranged as an interconnected web following Mars Sustainable Solutions’ recommendations (addition of structures as an alternative
substrate); (d) Galvanized fencing mesh installed in Raja Ampat, Indonesia (addition of structures to restrict rubble movement); (e) Concrete blocks with embedded
glass bottles installed in Pom Pom Island, Malaysia (addition of structures as an alternative substrate); and (f) EcoReef modules installed in Manado Tua, Indonesia
(addition of structures as an alternative substrate). Photo credits: a) Conor Jones, BMT Australia, b) Andrew Taylor, Blue Corner Conservation, ¢) Mars Sustainable
Solutions, d) Arnaud Brival, The Sea People, e) Robin Philippo, TRACC Borneo, f) Idris, The Indonesian Coral Reef Foundation.
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methods that were too poorly replicated were excluded). In addition to
excluding data that failed to meet these criteria, data regarding out-
comes of interventions 10- and 20-year post-installation were also
excluded. This was due to low replication, as most projects had only 1-2
years of data, with a few extending to 5 years. As a result, the final
processed dataset contains 71 data points from 46 rubble-dominated
sites.

The structure of the BBN was defined based on expert input from the
workshop, focused on how environmental variables influence rubble
stabilization, and in turn, the effectiveness of different interventions
post-installation, for up to five years. Key variables were selected based
on expert discussions, as they were identified as the most influential in
determining intervention effectiveness. These variables include the
main cause of rubble, rubble size, slope, wave exposure, current
strength, water depth, and geomorphic zone. While additional variables,
such as underlying substrate type and deposited sediment load on the
substrate, were considered in the survey, the model focused on only the
key variables to balance model complexity with data limitations. Sta-
bilization methods varied in terms of whether corals were outplanted
onto them or not, and thus whether outcomes were linked solely to
natural recruitment, or also to the survival and growth of coral out-
plants. The response variables of the BBN disaggregated ‘recruitment-
driven’ and ‘outplant-driven’ coral cover at the intervention site (%),
coral cover on adjacent control rubble (%), and the ‘benefits’ of inter-
vention in terms of coral cover (%) (Fig. 2). While the survey collected
other restoration outcomes using metrics such as coral species compo-
sition, coral abundance, and the density of different life stages, we used
coral cover as the response metric in the BBN because it had the most
comprehensive data available. Although spillover effects are possible
with restoration efforts, such as the contribution of coral larvae and fish
biomass to nearby or downstream reefs (Cruz et al., 2014; Frys et al.,

Side view

Control
site

Restoration
site

Outplant-driven coral cover
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2020; Hernandez-Delgado et al., 2018; Raymundo et al., 2007), the
survey only considered data at the restoration site and did not include
surrounding areas.

The term, ‘benefits’, reflect the additional coral cover that the
intervention helped to establish, beyond what would have occurred
without intervention. Benefits were calculated as the difference between
recruitment-driven or outplant-driven coral cover at the restoration site
and coral cover on control rubble (the counterfactual, indicating what
would occur if rubble stabilization were not implemented at a site).
‘Positive’ benefits indicate that the intervention resulted in higher coral
cover than if the site had been left without intervention. ‘Near-zero’
benefits suggest that the intervention had little impact on coral cover
(regardless of whether the rubble had been successfully stabilized by the
structure/method or not), as coral cover in this case was similar between
stabilized and control rubble. ‘Negative’ benefits imply that the inter-
vention was unsuccessful or even detrimental, leading to lower coral
cover than if the rubble had been left to stabilize on its own. Note that
positive benefits do not necessarily mean that coral cover at the inter-
vention site increased over time; rather, they could indicate that while
coral cover remained constant or even declined slightly, the reduction
was less severe than on the control rubble. Similarly, negative benefits
do not necessarily imply that the intervention site experienced a
decrease in coral cover; it could be that any gains were outpaced by
larger increases in the control rubble, rendering the restoration efforts
counterproductive.

To simplify the BBN structure, each environmental variable was
categorized into two states to reduce entries required for completing the
CPTs (Table 1). Survey responses were reclassified based on data dis-
tribution to correct inconsistencies. For example, there were some cases
where experts qualitatively reported ‘low’” wave exposure (i.e., sheltered
environment), but provided a quantitative measure of wave height that

Top view

Recruitment-driven coral cover

Fig. 2. Conceptual diagram showing side and top views of hypothetical control and restoration sites. Coral cover attributed to outplanting is shown in red, while
recruitment-driven coral cover either on stabilization structures or surrounding rubble, is shown in orange.
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was higher than what most respondents associated with a ‘low” exposure
environment. Instead of using the raw qualitative responses, which
might be influenced by high subjectivity, we reclassified exposure levels
using the quantitative distribution of wave height data. A latent vari-
able, ‘Hydrodynamic force’, was also introduced to simplify the BBN
structure. A latent variable refers to a variable that is not directly
observed or measured in the dataset but still influences other variables
in the network. Hydrodynamic force was categorized as ‘strong’ or
‘weak’ based on different combinations of wave exposure, current
strength, and water depth. While hydrodynamic force was not directly
measured in the survey, it represents an underlying factor suspected to
influence stabilization effectiveness (Kenyon et al., 2023a; Viehman
et al., 2018), based on expert knowledge and patterns of these envi-
ronmental combinations.

Response variables (coral cover and benefits) were discretized based
on the distribution of their values (Fig. S3). Narrower bins were used
where observations tend to cluster were near zero to capture finer
distinction. Broader bins were used for higher values where observations
are sparser. The lower and upper bounds of these categories were set by
the minimum and maximum values observed in the dataset. For
example, recruitment-driven coral cover on structures was categorized
as 0-1, 1-5, 5-10, 10-20, and 20-50 %. This discretization was also
designed with management considerations in mind, aiming to capture
subtle, early changes in coral cover following intervention, which may
otherwise be overlooked with broader categories.

The condensed survey dataset was then formatted into a compatible
‘case file’ (.cas) for use with the learning algorithms in Netica using R
version 4.3.1, as well as packages ‘tidyverse’ (Wickham et al., 2019) and
‘MASS’ (Venables and Ripley, 2002). A case file is a structured dataset

Table 1
Reclassification process of environmental variable categories in the BBN.

Variable Categories Recategorisation process

Wave Sheltered, Exposed
exposure

Reclassified as sheltered (<0.8 m significant
wave height - Hg) and exposed (>0.8 m Hg)
based on reported wave height distribution (
Fig. S1). All reef flats and lagoons were also
classified as sheltered.

Deep reef flats (>6 m) were reclassified as
lagoons. An outlier ‘lagoon’ with unusually
high wave heights (2 m) was reclassified as
an exposed reef slope. For ‘Other’ or ‘NA’
responses, reclassifications were confirmed
with experts after assessing site location
using coordinates.

Five survey categories (flat, gentle,
moderate, steep, extreme) were condensed
into two: Flat to gentle (<20°) and Moderate
to extreme (>20°).

Survey responses to the question of how
rubble was generated were open-ended (text
entry) and later condensed into two
categories. Blast fishing generally results in
much smaller rubble than that created from
other types of disturbances (Fox and
Caldwell, 2006; Fox et al., 2003). ‘Other’
disturbances include tourism (e.g.,
trampling, human contact with corals),
wave action, coastal development,
earthquakes, fishing nets, boat anchors, reef
clearing, coral mining, ship groundings, and
storms (cyclones, hurricanes, typhoons).
Sites with depths of 0-5 m (inclusive) were
classified as shallow, while those between
>5 and 20 m were classified as deep.
Reclassified as Small (<10 cm) and Large
(>10 cm).

Reclassified as weak (<0.5 m/s) and
moderate to strong (>0.5 m/s) based on
reported current speed distribution (

Fig. S2).

Zone Reef flat/lagoon,
Reef slope

Slope Flat to moderate,
Steep to extreme

Main cause
of rubble

Blast fishing, Other

Water depth Shallow, Deep

Rubble size Small, Large

Current Weak, Moderate to
strength strong

Journal of Environmental Management 396 (2025) 128154

that stores all observations recorded during the survey. Each observa-
tion (row) in the case file data frame includes a response (recruit-
ment-driven and outplant-driven coral cover, coral cover on rubble, and
benefits) based on a combination of input variables (method, time point,
and environmental conditions), at a certain timepoint.

2.4. Construction of CPTs by learning

The BBN was trained using 192 observations extracted from survey
responses and Netica’s built-in expectation maximization (EM) algo-
rithm for parameter learning. The EM algorithm comprises two steps: (1)
Expectation step, where missing data for certain input variable combi-
nations are estimated through Bayesian inference, and (2) Maximization
step, where the BBN parameters are updated based on the estimated
data, iteratively improving the log likelihood (i.e., how well the model
explains the observed data) until the model is considered ‘best fit’ given
the observations (Norsys Software Corporation, n.d.). For example,
some survey responses lack precise classification of rubble size, and
were marked as uncertain in the BBN case file. In the expectation step
(E-step), the model estimates the probability that each site with missing
rubble size information falls into either the ‘small’ or ‘large’ category,
based on the current state of the BBN and the relationships between
rubble size and other variables. In the maximization step (M-step), once
the missing data (rubble size) has been estimated, the model updates the
conditional probability tables (CPTs) using both the observed data and
the newly inferred values to maximize the log likelihood. The EM al-
gorithm is also compatible with latent variables (Norsys Software Cor-
poration, n.d.), making it suitable for this study, where hydrodynamic
forces were modeled as a latent variable. The CPT for hydrodynamic
forces was computed using Bayesian inference and correlations among
its connected nodes, including wave exposure, current strength, and
water depth.

2.5. Model evaluation and manual adjustments

Sensitivity analysis was conducted using Netica’s built-in function,
‘Sensitivity to Findings’, which assesses how changes to input nodes
affect recruitment-driven and outplant-driven benefits (i.e., mean dif-
ference between coral cover on stabilization structures and coral cover
on control rubble). To evaluate model performance and prevent over-
fitting, a three-fold cross-validation approach was applied (Aguilera
et al., 2011). The dataset was randomly divided into three subsets, with
each subset containing 64 observations, used alternately for training and
testing. Specifically, the model was trained on two subsets (128 obser-
vations in total) and tested on the remaining one, ensuring that every
case was used for both training and validation. For the final product
intended for end users, the model was trained using all 192 observations.
The ‘Test Net Using Cases’ function in Netica was used to compute ac-
curacy rates and generate confusion matrices, with results averaged
across all three runs to provide an overall performance measure.

Following model evaluation, manual adjustments to the CPTs were
necessary to address missing entries that persisted after training. Missing
probability values were inferred based on the most similar environ-
mental conditions with available data. For example, if CPT data were
unavailable for Reef Bags at a site with small rubble, a flat to gentle slope
and strong hydrodynamic forces, probabilities were adapted from the
closest comparable environment. For this particular case, values were
applied from a trial of Reef Bags in a site with similar slope and hy-
drodynamic energy, but on large rubble.

To ensure consistency in these adjustments, several key assumptions
were made. For Reef Bags, the probability distribution of recruitment-
driven coral cover on smaller rubble was adjusted by a one-year offset
on flat to gentle slopes. It was assumed that, upon disintegration of Reef
Bags after one year (Kenyon et al., 2025), coral cover on smaller rubble
would stall initially due to increased mobility of small rubble compared
to larger rubble. Over time, as the rubble binds and stabilizes, coral
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cover on Reef Bags filled with small rubble is expected to converge with
that of Reef Bags filled with larger rubble, though at a slower rate. On
moderate to extreme slopes, coral cover was assumed to drop to 0-1 %
after one year due to slumping of the bags. For flat meshes and grids,
coral cover was assumed to be independent of rubble size on flat to
gentle slopes, as practitioners would match mesh size to rubble size so
that stability was achieved in either case. On moderate to extreme
slopes, lower coral cover was expected due to increased instability and
the risk of burial of the mesh by rubble higher up on the slope, especially
in the case of small, more mobile rubble. For elevated frames and solid
structures, coral cover was assumed to be similar across different cate-
gories of rubble size and slope, because corals on elevated surfaces are
less impacted by rubble movement or burial at the level of the substrate.
Further information pertaining to missing input combinations is pro-
vided in section 3.2 BBN Limitations (Table 2).

Lastly, the resulting BBN was visualized using R version 4.3.1 and
packages ‘ggplot2’ (Wickham, 2016), ‘ggpubr’ (Kassambara, 2023), and
‘cowplot’ (Wilke, 2024) to show the effectiveness of different stabili-
zation methods, represented by marginal posterior probability distri-
bution and expected average coral cover. The expected value was
calculated as the weighted average of possible outcomes, adjusted by
their probability of occurrence (Norsys Software Corporation, n.d.). The
recruitment-driven and outplant-driven coral cover were compared over
time across eight combinations of input variables including rubble size,
slope, and hydrodynamic forces. Each of the three variables has two
possible states—rubble size (small or large), slope (low or high), and
hydrodynamic forces (weak or strong), thus creating eight unique
combinations of scenarios. The three variables were investigated indi-
vidually to assess their contribution to intervention effectiveness.

Table 2
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3. Results
3.1. Overview of the BBN

The BBN illustrates the benefits, i.e., the difference in coral cover due
to intervention compared to natural recovery in rubble, of installing
rubble stabilization structures in different environments (Fig. 3). The
BBN incorporated nine input variables, including six method categories,
four time points, seven environmental variables (each with two cate-
gories), and five continuous output variables.

3.2. Model evaluation

A 3-fold cross-validation of the model indicated that the accuracy of
the learned model prior to manual editing using expert knowledge was
74 + 7 % (mean =+ SD) for the output node Benefits (recruitment-driven
coral cover %) and 69 + 12 % (mean + SD) for Benefits (outplant-driven
coral cover %). The confusion matrices for recruitment-driven and
outplant-driven benefits show that most predictions align with actual
data, with the highest values mostly found along the diagonal line
(Table S1, Table S2). For recruitment-driven benefits, the BBN tends to
perform more accurately in middle ranges but struggles with extreme
values, overestimating benefits in lower coral cover categories and
underestimating in higher coral cover categories. Whereas for outplant-
driven benefits, the model performed least accurately in the middle
ranges, likely due to insufficient data in those ranges.

The sensitivity analysis revealed that the most influential input
variables on the benefits of restoration were Time since installation for
Benefits (recruitment-driven coral cover %) and Rubble stabilization method
for Benefits (outplant-driven coral cover %), which accounted for 11.8 %
and 14.2 % variance reduction, respectively (Table S3, Table S4).
Among all the environmental variables analyzed, both benefit variables
showed the highest sensitivity to rubble size, with variance reductions of

Major caveats and data limitations for using the BBN by methods and environments.

Outplant-driven coral cover/benefits

Method Number of unique Major caveats and advice
environments where the . )
. . Recruitment-driven coral cover/benefits
method is applied

Reef Bags 3 The BBN has data for varied environmental combinations

(NOP) including flat to gentle slopes and large rubble. Predictions are
more reliable for these conditions over time periods of one to
three years. Data for five-year projections carries higher
uncertainty.

Elevated 15 The BBN has data for all combinations involving flat to gentle
frames (OP) slopes. Predictions are more reliable for these conditions over

all time points. Some data is available for combinations with
moderate to extreme slopes, mostly under strong hydrodynamic
forces. There is limited data for moderate to extreme slopes
with weak forces.

Flat meshes or 3 The BBN has data for various combinations of slope,
grids (NOP) hydrodynamic forces, and rubble sizes over one-, three-, and

five-year periods. There are some gaps for the two-year time
period, particularly for moderate to extreme slopes, strong
hydrodynamic forces and small rubble size.

Flat meshes or 8 The BBN has data mainly for large rubble across varied slopes
grids (OP) and hydrodynamic forces. The model can provide reliable

predictions only up to the three-year mark.

Solid 6 The BBN can reasonably predict outcomes, particularly at the
structures two-year and five-year time points. While there is also data for
(NOP) one- and three-year post-installation, there are significant gaps

for combinations with moderate to extreme slopes, or flat to
gentle slopes with strong hydrodynamic forces.

Solid 10 The BBN has data for all combinations involving flat to gentle
structures slopes, except for one scenario: flat to gentle slopes with weak
(OP) hydrodynamic forces and large rubble at five years. Data

involving moderate to extreme slopes and small rubble on these
slopes are generally limited.

Not applicable

The BBN has data primarily for flat to gentle slopes, or with
strong hydrodynamic forces at lower outplant-driven coral
cover (0-35 %) at the time of installation. Predictions are most
reliable for these conditions over all time points.

Not applicable

The BBN can only provide estimates for up to three years when
outplant-driven coral cover at installation is 0-35 % and up to
one year when cover is 35-100 %, due to a lack of data.
Predictions are most reliable for combinations with large rubble
or weak hydrodynamic forces.

Not applicable

The BBN can only provide estimates for up to three years when
outplant-driven coral cover at installation is 35-100 % due to
the lack of data. Predictions are more reliable for environments
with flat to gentle slopes.
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For flat meshes or grids with outplants,
the dataset includes observable data for
a maximum of 3 years since installation.

Beyond this period, we currently don't have
any available data for analysis.

e e Rubble stabilisation method ) [ Main cause of rubbl | [ Zone [ Wave exposure | | Water depth |
Tyear 292 RastBagsocuip | blastfishing __ 38.5} reet flatlagoon 29 oxposed  23cpm | | moderate to strong shallow(<=sm) 359
2 2020 Elevated frames (with outplants)  31.8} other 615 reef slope 707 sheftered 76,2 weak deep(6-20m) 64.1
years Flat meshes or grids (no outplants) 4.17} ——
Jyears  19gm: Flat meshes or grids (with outpla... 8.85) I —
Syears 1938, Solid structures (no outplants)  21.4)
248%14 Solid structures (with outplants) _ 24.0)
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Fig. 3. The Netica user interface showing the structure of the BBN and the states of its different variables. The BBN calculates prior probabilities of variable states
based on case files (survey records) using the EM algorithm in Netica, meaning that the likelihood of a node being in a certain state reflects the data distribution
across different methods and environment.

2.6 % for recruitment-driven benefits and 1.55 % for outplant-driven benefits increased over time (Fig. 4a). Notably, flat meshes and grids
benefits. with no outplants (hereafter NOP) consistently performed best over
time, exhibiting the highest probability of achieving 20-50 %
recruitment-driven benefits, surpassing methods that provide vertical

3.3. Model predictions relief such as solid structures. These methods also achieved greater
benefits faster, with a 35 % chance of having a 20-50 % benefit after two
3.3.1. Rubble stabilization effectiveness across methods years, and an 85 % chance after five years. Reef Bags and solid structures

Regardless of stabilization method, the probability of gaining greater
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Fig. 4. Marginal posterior probability distribution and expected values of recruitment-driven and outplant-driven benefits (%), for rubble stabilization methods
installed (a) without coral outplants and (b) with corals outplanted onto structures over time. The terms ‘recruitment-driven benefit’ and ‘outplant-driven benefit’
refer to benefits in terms of coral cover attributed to natural recruitment and coral outplants on the structures, respectively. The x-axis represents time (years) since
the installation of stabilization methods. The primary y-axis (left) indicates the probability that benefits will fall within specified ranges (Recruitment-driven benefits
shown in orange gradient, and outplant-driven benefits shown in red gradient). The secondary y-axis (right) shows the expected average recruitment-driven or
outplant-driven benefit (%). The horizontal red dotted line indicates 0 % benefits. Error bars represent the standard deviation of the expected value. There is no data
for flat meshes and grids with outplants at five years since installation.
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(NOP) were unlikely to exhibit 20-50 % benefits in recruitment-driven
coral cover until after three years. However, installing solid structures
was more likely to result in higher coral cover at intervention sites after
five years, compared to Reef Bags.

For methods with outplants, the benefits attributable to outplants
were greater than those attributable to natural recruitment (Fig. 4b).
Elevated frames with outplants (hereafter OP) had the highest chance
(72.3 %) of achieving 50-100 % outplant-driven benefits within 5 years.
However, the relative contribution of recruitment-driven and outplant-
driven coral cover shifted over time, as reflected in the changing ratio of
recruitment-driven to outplant-driven benefits. For example, between
two and five years after installation, solid structures (OP) showed
growing recruitment-driven benefits, likely reflecting increased
recruitment, while outplant-driven benefits remained relatively stable.

For the same methods with and without outplants (OP and NOP), OP
always provided additional outplant-driven benefits on top of
recruitment-driven benefits (Fig. 4), though the extent of this varied
among methods. When comparing the total benefits (recruitment-driven
plus outplant-driven) from OP with the recruitment-driven benefits of
NOP, the difference was greater for solid structures than for flat meshes
from 2 years post-installation onwards. By year 3, the mean recruitment-
driven benefit of solid structures (NOP) was 3.4 %, while the addition of
outplants meant that mean total benefit of solid structures (OP) reached
34.3 %, resulting in a difference of 30.8 %. In contrast, the difference for
flat meshes and grids at year 3 was smaller at 22.9 %.

3.3.2. Influence of initial outplant-driven coral cover on rubble stabilization
effectiveness

Although outplants provide an immediate boost in coral cover, the
effect size was influenced by the initial number of outplants at the time
of installation (Fig. 5, Fig. S4). Outplant-driven benefits increased up to
two years post-installation, regardless of initial outplant-driven coral
cover. Where initial outplant-driven coral cover was lower (0-35 %),
benefits continued to increase up to the five-year mark (54.6 %).
However, where initial cover was high (35-100 %) benefits steadily
declined after the two-year peak (58.9 %), and at five years (30.0 %)

1 M
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dropped below the one-year benefit level (39.6 %).

3.3.3. Rubble stabilization effectiveness across environments

Averaged across methods, the model predicted the greatest
recruitment-driven benefits within the shortest time frame for envi-
ronments characterized by small rubble (Table 1), moderate to extreme
slopes, and strong hydrodynamic forces (Fig. 6a). Conversely, in envi-
ronments with large rubble, flat to gentle slopes, and weak forces, in-
creases in recruitment-driven benefits occurred during the first three
years, but then declined, leading to recruitment-driven benefits of only
6.2 % at year 5. On the other hand, in environments with small rubble,
higher outplant-driven benefits - derived from stabilization methods -
only occurred under strong rather than weak hydrodynamic forces,
regardless of slope. For most environments, the outplant-driven benefits
declined or plateaued by year 3, except for environments with large
rubble, moderate to extreme slopes, and weak forces, which increased
steadily to 52 % at year 5 (Fig. 6b).

Looking more closely at individual stabilization methods, the rela-
tionship between environmental conditions and benefits becomes more
complex and varies across methods. Most methods generated greater
recruitment-driven and outplant-driven benefits in small rubble. How-
ever, Reef Bags (NOP) and flat meshes and grids (OP) showed the
opposite trend, with both benefits being smaller in small rubble
(Fig. S5). Slope angle appeared to be a weaker driver than rubble size.
For solid structures (with or without outplants), recruitment-driven and
outplant-driven benefits differed little between slope categories,
whereas for elevated frames, outplant-driven benefits were similar
across slope (Fig. S6). For Reef Bags, recruitment-driven benefits on
moderate to extreme slopes remained near zero and even became
negative after two years. Finally, when considering hydrodynamic
forces, all methods with outplants had greater outplant-driven benefits
in sites with strong compared to weaker forces, across all time points
(Fig. S7). Recruitment-driven benefits were also generally higher in sites
with stronger forces (except for solid structures (OP) and flat meshes and
grids (OP)).

Initial outplant-driven coral cover
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Fig. 5. Marginal posterior probability distribution and expected values of outplant-driven benefits (%) over time for two categories of initial outplant-driven coral
cover: 0-35 % and 35-100 %, averaged across all methods with outplants (except flat meshes and grids with outplants at the five-year time point due to a lack of
data). The x-axis represents time (years) since the installation of stabilization methods. The primary y-axis (left) indicates the probability of benefits falling within
specified ranges (red gradient), while the secondary y-axis (right) shows the expected average benefit (%).
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Fig. 6. Marginal posterior probability distribution and expected (a) recruitment-driven (b) outplant-driven benefits (%) across eight environments over time, averaged across
stabilization methods. Small/Large indicates small (<10 cm) or large (>10 cm) rubble size; Slope (<20°)/(>20°) indicate flat to gentle or moderate to extreme slope angles;
and Weak/Strong indicate weak or strong hydrodynamic forces. The x-axis represents time (years) since the installation of stabilization methods. The primary y-axis (left)
indicates the probability of benefits falling within specified ranges (Recruitment-driven benefits shown in orange gradient, and outplant-driven benefits shown in red gradient),
while the secondary y-axis (right) shows the expected average benefit (%). The horizontal red dotted line indicates O % benefits. Error bars represent the standard deviation of

the expected value.

4. Discussion

The model predicts that rubble stabilization commonly leads to an
increase in benefits over time, in terms of coral cover, emphasizing the
role of active restoration in addressing the growing prevalence of rubble
on coral reefs (Kenyon et al., 2023a, 2023b). Although published liter-
ature on stabilization method effectiveness is limited, this finding has
been highlighted in several previous studies assessing methods including
flat meshes (Raymundo et al., 2007), rock piles (Fox et al., 2019) and
Mars Reef Stars (Vida et al., 2024). Without intervention, loose, unstable
rubble beds can persist for years or even decades with limited recovery
(Brown and Dunne, 1988; Cameron et al., 2016; Chong-Seng et al., 2014;
Dollar and Tribble, 1993; Fox et al., 2003; Raymundo et al., 2007;
Victor, 2008). In many cases, rubble stabilization interventions enhance
coral cover and have important implications for reef management and
conservation (Ceccarelli et al., 2020). Yet, outcomes are variable in
terms of methods and environments, and long-term gains are not always
realized despite substantial investment.

Considering different methods, flat meshes and grids were shown to
outperform solid structures (e.g., rocks, concrete blocks, EcoReef mod-
ules) in terms of both recruitment-driven and outplant-driven benefits.
Stabilized coral rubble provides a suitable substrate for coral recruits to
settle when environmental conditions are favorable (Babcock and
Mundy, 1996; Edmunds et al., 2004; Yadav et al., 2015), and flat meshes
contribute to substrate stability by physically pinning rubble
(Raymundo et al., 2007). This can mitigate post-settlement mortality
(Chong-Seng et al., 2014; Victor, 2008), resulting in coral cover benefits
with limited vertical relief. In contrast, solid structures provide vertical
relief and restore rugosity to a flattened rubble bed, creating elevated
surfaces for coral recruits above the level of the substrate (Ceccarelli
et al., 2020; Edwards and Gomez, 2007). The elevation helps to prevent
corals from being abraded or buried by rubble movement at the sub-
strate level (Fox et al., 2005). While both methods can be successful
under the right conditions, we anticipated greater benefits for solid
structures compared to flat meshes or grids. One possible explanation for
this is that some of the solid structures (OP) are cement-based, and may
require a conditioning period for the development of an appropriate
biofilm before becoming suitable for recruitment (Clark and Edwards,
1999), delaying positive benefits. Furthermore, the pinning action of
meshes/grids may enhance the degree of rubble stability while still
facilitating access to light and flow (depending on mesh hole size, e.g.,
(Kenyon et al., 2025)). Solid structures completely cover the rubble
beneath them, and while rubble between structures is likely to be more
stable owing to reduced hydrodynamic energy, it may not be as stable as
under a mesh. The enhanced benefits of flat meshes in the BBN might
also be attributable to sampling bias in the dataset. Many solid structures
were deployed in the Caribbean, where slow-growing corals such as
Orbicella spp. and Porites spp. are common (Gladfelter et al., 1978), and
recovery rates are generally slower than those in the Indo-Pacific (Roff
and Mumby, 2012). In contrast, most flat mesh sites were in SE Asia,
where conditions and coral species differ. For example, one of the mesh
sites was located in the Calagcalag Marine Protected Area, central
Philippines, where coral recruitment is high and unstable rubble is the
primary barrier to recovery (Raymundo et al., 2007). High recruitment
likely contributed to the rapid increase in coral cover at such sites.
Furthermore, structurally complex rocks were also added to the mesh in
this project. It should be acknowledged that the survey data were
collected in different years, with some projects more recent (e.g., MARS
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Reef Stars) than others. Two studies were carried out more than ten
years ago: Raymundo et al. (2007), and Clark and Edwards (1994).
Unfortunately, geographic location, temporal differences, and coral
composition could not be accounted for in the model due to data
paucity, limiting our ability to ascertain the efficacy of different types of
methods.

Regardless of stabilization method, the BBN showed that methods
used in combination with outplants are likely to deliver more immediate
benefits, intuitively providing a quick boost in coral cover. Coral out-
planting, when combined with rubble stabilization, is particularly useful
in accelerating reef recovery where recruitment is limited by low larval
supply (Bostrom-Einarsson et al., 2018; Clark and Edwards, 1995;
Edwards, 2010; Edwards and Gomez, 2007). The magnitude of the effect
of outplanting differed, however, among methods, evidenced when
comparing methods that had both OP and NOP variants. In the case of
flat meshes and grids, the benefits were already relatively high without
outplants (NOP), so the added value of outplanting (OP) was smaller. In
contrast, outplanting made a bigger difference for solid structures, and
relying solely on natural recruitment (in NOP) resulted in only minor
benefits within the surveyed period. This could be due to the elevation
and subsequent enhanced survival of corals outplanted onto solid
structures like rocks (Leung et al., 2024). Furthermore, attaching out-
plants to flat meshes can be less practical than on solid structures.
Outplants on meshes often require zip ties, which can be less effective in
terms of breakage than adhesives like cement, which are commonly used
on solid structures (Raymundo, pers. comm.). However, due to a lack of
data beyond three years for flat meshes and grids with outplants, it is
difficult to determine if outplants are more effective in the long term for
either method. It is important for future studies to compare flat and
elevated methods within the same environmental conditions to assess
their efficacy.

While the initial boost in coral cover was predominantly driven by
outplants for OP methods, the balance between natural recruitment and
outplant-driven benefits shifts over time. Thus, natural recruitment may
eventually play a greater role in reef recovery than outplant growth.
Methods without outplants showed higher recruitment-driven benefits
compared to those of the same methods with outplants. For example,
three years after installation, flat meshes and grids (NOP) most often had
20-50 % more coral cover than nearby control sites, compared to only
5-10 % more coral cover for the same method with outplants (OP). In
other words, at sites installed with flat meshes or grids (OP), natural
recruitment still occurred but at much lower levels than NOP variants, so
benefits were driven mostly by outplants. One possible explanation is
that experts are more likely to opt for outplanting in recruitment-limited
sites, to offset expected low natural recruitment. Outplanting at sites
with sufficient larval supply may not be cost-effective due to the sub-
stantial expenses and labor required for installation and maintenance
(Edwards and Gomez, 2007). Furthermore, it can become challenging to
distinguish the cover of outplants versus naturally recruited corals if
outplants are not tagged (Nicholson, pers. comm.), thus natural
recruitment could be underestimated. Finally, high densities of out-
plants may also reduce available space for recruits to settle, potentially
limiting the contribution of natural recruitment to overall coral cover.
For example, natural coral recruitment was minimal at the Mars Reef
Star site at Moore Reef on the Great Barrier Reef over a monitoring
period of two years, possibly due to the extensive cover of outplants
occupying much of the available substrate (Fisher, pers. comm.).

The BBN supported the supposition that initial outplant cover does
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affect longer-term benefits. Notably, while higher initial outplant-driven
coral cover (35-100 %) led to greater immediate benefits, declines in
these benefits occurred over time. This could be attributed to density-
dependent effects on coral growth, competition and predation (Ladd
etal., 2016). At higher densities, coral outplants often compete for space
and resources (Goergen and Gilliam, 2018; Rinkevich, 2014), and cor-
allivores may find it easier to feed on corals due to the increased
availability of prey (Moerland et al., 2016; Morton and Blackmore,
2009; Roff et al., 2011). Reports of corallivorous Drupella spp. predation
on coral outplants by survey respondents align with these patterns
(Edmondson, pers. comm.; Voorhuis, pers. comm.). That said, these
patterns are not universal. For example, two years of monitoring at
Moore Reef, Great Barrier Reef, found no difference in juvenile
crown-of-thorns starfish density between Mars Reef Stars restoration
sites and nearby rubble sites during the first two years of monitoring
(Fisher, pers. comm.), suggesting other site-specific factors may mediate
predator responses. Another factor contributing to the reduced benefits
could be that coral mortality is more apparent when coral cover is
initially high, and disease spreads more easily at high density (Yakob
and Mumby, 2011). The decline in benefits with high initial
outplant-driven coral cover predicted by the BBN should not, however,
be used as evidence to outplant fewer corals, considering the limited
temporal understanding. The long-term (e.g., decadal) trajectory of
coral cover was not fully captured in the Bayesian network and thus
remains uncertain.

Environmental factors, including rubble size, slope angle, and flow
velocity significantly influence rubble mobilization and binding capac-
ity (Kenyon et al., 2023a), thus affecting the effectiveness of stabiliza-
tion interventions. Furthermore, due to differences in design and
materials, stabilization methods vary in performance, and in their
fragility in certain environments (Leung et al., 2024). The BBN found
that stabilization methods are most likely to achieve the greatest bene-
fits in environments characterized by smaller rubble, steeper slopes, and
stronger hydrodynamic forces. Small rubble pieces are more susceptible
to movement and transport (Edwards and Clark, 1994; Kenyon et al.,
2023b, 2024), leading to substrate instability that can hinder coral
recruitment, growth, and survival (Brown and Dunne, 1988; Fox et al.,
2003; Kenyon et al., 2020). As a result, the counterfactual coral cover on
small rubble is likely to remain low over time, meaning any increase in
coral cover on the structure will result in a substantial benefit.
Conversely, the benefits of stabilization methods installed on larger
rubble would be comparatively lower owing to the inherently greater
stability of larger rubble pieces (Gischler and Ginsburg, 1996; Kenyon
et al., 2024). In fact, stabilization may be unnecessary in some cases for
rubble beds comprising large pieces, because they are more likely to
interlock, bind and provide a stable environment for coral survival and
growth (Kenyon et al., 2024; Leung et al., 2024).

Curiously, while most methods yielded higher benefits on small
rubble, Reef Bags (NOP) and flat meshes and grids (OP) performed
better in sites with larger rubble. For Reef Bags, after biodegradation of
the coir netting ~1 year after installation, the rubble pile is no longer
contained by the netting and is more prone to slumping. Thus, if Reef
Bags are filled with small rubble, the pile may become flatter at this
stage as pieces shift and are transported away. As a result, restoration
sites where Reef Bags have been filled with small rubble would be ex-
pected to have lower coral cover and lower benefits compared to if they
are filled with larger rubble, which would remain better interlocked and
stable after bag disintegration. However, since Reef Bags have not been
tested on smaller rubble, these results are based solely on assumptions.
As such, this is a key example that demonstrates how missing informa-
tion is handled in the BBN and how qualitative and quantitative data are
integrated within the network. For flat meshes and grids (OP), small,
loose rubble bordering and moving onto the structures might cause more
damage to growing coral outplants, leading to lower benefits for small
rubble. On the other hand, corals outplanted onto other methods like
elevated frames and solid structures are less impacted by substrate
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mobility driven by smaller rubble, provided that the structures are well-
anchored. As such, coral cover driven by outplants for these methods
was expected to be higher than for flat meshes or grids, thus having
greater benefits when the coral cover at the control rubble site remains
low over time.

In addition to rubble size, slope angle was another important driver
of benefits. Most methods showed higher benefits on moderate to
extreme slopes, where rubble is more likely to be unstable. On steeper
slopes, avalanches of rubble and sand can occur where rubble continu-
ally shifts downslope under the influence of gravity, leading to persistent
instability and reduced coral cover (Harmelin-Vivien and Laboute,
1986). Restoring steeper slopes requires strong anchoring to prevent
downslope movement; without this, stabilization may be ineffective
(Leung et al., 2024). In practice, stabilizing rubble on steep slopes often
requires additional resources, specially designed methods, and ongoing
maintenance, making it unfeasible in some contexts. For example, on
Pom Pom Island in Malaysia, a special design was used for steep slopes,
where concrete blocks were secured in a staircase-like arrangement
using metal rods to prevent dislodgement of the structures (Stacey,
2020). The relatively high benefits of flat meshes and grids (NOP) on
steeper slopes are unexpected, however, as they can be prone to burial
by rubble from unprotected upper parts of the slope (Ceccarelli et al.,
2020). However, such benefits could be plausible if complementary
measures are implemented to reduce burial risk, such as installing bar-
rier fences upslope to prevent rubble from sliding down (Leung et al.,
2024). For example, one of the cases in the dataset involved flat meshes
with attached outplants in Raja Ampat, Indonesia, where barrier fences
were installed on the upper slope to reduce burial risk (Brival, pers.
comm.). An increase in coral cover at the site was reported for over four
years, suggesting that landscaping considerations can play an important
role in restoration outcomes.

Hydrodynamic energy played a key role alongside rubble size and
slope angle. The majority of methods deployed at sites with strong hy-
drodynamic forces achieved greater benefits. Loose rubble is more sus-
ceptible to movement in exposed areas with higher hydrodynamic
energy (Kenyon et al, 2023b). However, provided structures are
securely anchored and rubble is sufficiently stabilized, increased water
flow can deliver more nutrients to corals for heterotrophic feeding,
while also resuspending deposited sediment and preventing smothering
(Jokiel, 1978; Rogers, 1990; Sebens et al., 1998). As such, sites with
stronger hydrodynamic forces could yield enhanced benefits for coral
recovery. Contrastingly, however, certain methods such as flat and solid
structures with outplants show greater recruitment-driven benefits
under weak hydrodynamic forces compared to strong forces, opposing
the trend observed for outplant-driven coral cover on the same method.
This could be driven by the fact that recruits settle onto both the
structure and proximal rubble surrounding the structures (spillover),
though we lack sufficient data to determine their relative contributions
to coral cover. In contrast, outplants are physically attached only to the
structures using adhesives, metal wires, or zip ties (Leung et al., 2024).
Coral recruits that settle on stabilized rubble can still experience some
degree of movement and are, therefore, more vulnerable to damage by
loose, surrounding rubble mobilized by strong hydrodynamic forces. In
contrast, outplants that are physically attached to structures benefit
from a much higher level of stability, making them less vulnerable to
displacement or detachment. As a result, outplants are more likely to
thrive under strong hydrodynamic forces, while recruits may perform
better in weaker forces, as strong forces can be too disruptive for them.

4.1. Limitations and pathways forward for the BBN

Although the BBN provides a good overview of current expert
knowledge, the results do not represent all environments or stabilization
methods equally (Table 2, Table S5, Table S6, Table S7). There may be
greater uncertainty in environments where restoration efforts have
rarely taken place. For example, experts tend to avoid initiating projects
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in conditions where failure is likely, which may have resulted in an
overrepresentation of environments that are more favorable for coral
recovery, such as relatively sheltered sites. Projects are also often un-
dertaken in more sheltered environments due to logistics relating to site
access and diver safety. Additionally, some methods are more repre-
sented than others, such as elevated frames, which are popular due to
their versatility, affordability, potential for community-led approaches,
and include a vast array of different designs (Leung et al., 2024). Despite
the limited dataset, the model demonstrated acceptable accuracy in
estimating benefits (74 and 69 % accuracy for recruitment-driven and
outplant respectively). However, varying accuracy across data subsets
suggests potential overfitting (Aguilera et al., 2011; Dietterich, 1995).
To improve reliability of the model, additional variables such as
geographical location, disturbance regimes, and other outcome metrics
of reef resilience could be incorporated. Incorporating more variables
would demand substantially more data, which is not available currently,
as well as increased computational resources to manage the added
complexity of the BBN structure.

The outputs of the BBN tend to show greater uncertainty at later time
points, as most projects recorded in the survey were conducted over
short periods, typically only one to two years. A recent review indicated
that many active coral restoration projects have short monitoring pe-
riods, with 60 % of projects reporting less than 18 months of monitoring
(Bostrom-Einarsson et al., 2020). As an example, in Indonesia, only 16 %
of the 533 projects conducted between 1990 and 2020 reported
post-installation monitoring at all (Razak et al., 2022). Moreover, BBN
faces challenges due to the subjectivity of expert opinion, particularly
regarding the interpretation of environmental conditions and rubble
characteristics, which adds to the uncertainty. Currently, rubble-related
terminology remains inconsistent, although efforts have been made to
characterize different rubble bed types and their implications for sta-
bility, binding and recovery outcomes (Kenyon et al., 2024; Leung et al.,
2024).

Enhancing the BBN’s reliability and value for reef management re-
quires more research, standardized terminology, improved data-
sharing, and inclusion of additional benefit metrics and consider-
ations. Further research and long-term monitoring data are required to
make reliable predictions about stabilization benefits over longer tem-
poral scales and across broader environmental gradients. In addition,
standardizing rubble terminology and classification of environment
types would improve future analysis by reducing ambiguity and
improving consistency in model predictions. Broader data sharing
outside of peer-reviewed literature, as well as the inclusion of unsuc-
cessful efforts and known causes for lack of success, would greatly
accelerate these processes. Coral cover is just one of many factors
managers must consider when deciding whether to pursue rubble sta-
bilization. Some prioritize ecosystem resilience and therefore focus on
metrics such as recruitment rates and larval supply (Anthony et al.,
2015; McLeod et al., 2019). Moreover, other considerations, such as
logistics, costs, and project scale, are also critical, though beyond the
scope of this study. Future efforts could help support decision-making by
capturing these dimensions, including the large cost discrepancies be-
tween methods. Integrating these factors and addressing remaining data
gaps through targeted data collection, inclusion of more metrics, as well
as expanding expert input, would further improve the BBN and its
practical utility.

Overall, this study represents a foundational step in using BBNs to
synthesize current rubble stabilization knowledge from diverse sources
and support informed decision-making. Coral reef managers could use
the tool to visualize expected outcomes under site-specific conditions,
compare the suitability of different methods, and make more informed
choices about when and where to intervene. With growing interest in
reef restoration, BBNs offer an intuitive approach for incorporating
expert judgment and available evidence to guide prioritization and
planning efforts worldwide.
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