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Abstract
Adaptive design methods can be used to make changes to survey designs in ecosys-
tem monitoring to ensure that informative data are collected in an ongoing, cost-
effective, and flexible manner. Such methods are of particular benefit in environmen-
tal monitoring as such monitoring is often very costly and in many cases consists of 
only a few sampling sites from which inference about a larger geographical region is 
needed. In addition, ecological processes are continuously changing, and monitoring 
programs must account for both known and unknown drivers, so making changes 
to data collection plans over time may be needed based on the current state and 
understanding of the process of interest. Through considering a Long-term Monitor-
ing Program of Australia’s Great Barrier Reef, this paper aims to develop adaptive 
design approaches to efficiently monitor coral health through the consideration of 
a statistical model that accounts for both spatial variability and time-varying dis-
turbance patterns. In particular, to develop this model, we considered time-varying 
disturbance data that have been reproduced at a fine spatial resolution for uniform 
representation over the study region. By adopting our proposed approach, we show 
that adaptive designs are able to significantly reduce survey effort while still remain-
ing effective in, for example, quantifying the effects of different environmental 
disturbances.

Keywords  Adaptive design · Coral bleaching · Coral cover · Crown-of-thorns 
starfish · Cyclone impacts · Great Barrier Reef
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1  Introduction

The health and long-term resilience of ecosystems worldwide are at risk due to 
rising environmental and human impacts (Hoegh-Guldberg et  al. 2007; Jackson 
et al. 2001). Coral reefs are such ecosystems impacted by, for example, bleaching, 
crown-of-thorns starfish (CoTS), and cyclones disturbances (Hoegh-Guldberg 
et al. 2007; Sweatman et al. 2011). However, by effectively monitoring such eco-
systems, it should be possible to identify their vulnerabilities for different envi-
ronmental disturbances. Therefore, the information gained through such monitor-
ing will enable the development of informed management practices and policies 
to reduce risk of decline (e.g. due to disturbances) and foster more resilient eco-
systems (Lovett et al. 2007).

The Australian Institute of Marine Science (AIMS) monitors coral reefs in the 
Great Barrier Reef (GBR) using its Long-Term Monitoring Program (LTMP). 
The LTMP surveys are based on a fixed design in that data are gathered from 
predetermined reefs, and sites within reefs, that do not change over time (Sweat-
man et  al. 2011). As such, the LTMP does not incorporate information gained 
from previous years of data collection, nor does it allow for disturbance data to 
be included when selecting reefs for future surveys (Miller et  al. 2003). Simi-
larly, other ecosystem monitoring programs are often based on such fixed design 
approaches (Carstensen et  al. 2003; Strobl and Robillard 2008). Thus, there is 
the potential to enhance these monitoring practices through considering adaptive 
survey methods, which enables such monitoring programs to incorporate new 
information (e.g. on disturbances such as bleaching events) when selecting future 
survey locations.

Kang et al. (2016) proposed such adaptive design methods to lower experimen-
tal costs and increase the information being captured on coral cover; an indicator 
of coral health (Osborne et al. 2011; Bruno and Selig 2007). For this purpose, the 
authors developed a linear regression model for logit transformed hard coral cover 
proportions incorporating variables such as Year, Year2 , Shelf position, and Open/
Closed for fishing. The advantage of this model is that it is simple and computation-
ally efficient to implement. However, the disadvantage is that it is mechanistically 
too simplistic, does not capture the influence of disturbances (e.g. cyclones, coral 
bleaching, or land-based pollution), and fails to describe the spatial variability inher-
ent in coral reef communities. As such, the adaptive designs found by the authors 
may not be the most appropriate for future data collection.

When sub-optimal survey designs are used, in general, more data or more sur-
vey effort is required to achieve monitoring objectives. As the cost of monitoring 
is mostly related to collecting samples (Hill and Wilkinson 2004), adopting sub-
optimal designs may thus unnecessarily inflate monitoring costs. Furthermore, if 
the approach does not capture disturbance information, the resulting designs may 
not collect data to precisely estimate the environmental impact of such distur-
bances. For these reasons, it is important that decisions about future surveys are 
based on the most appropriate model for the data that can be developed.
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This paper proposes new adaptive design methods to reduce monitoring costs 
and identify survey locations for quantifying the impacts of time-varying distur-
bances within an ecosystem, and applies these methods to the GBR as a case 
study. A holistic approach is utilised, integrating a statistical model with infor-
mation from previously collected data into the adaptive design process. As a 
basis for this approach, a model is developed to capture the underlying variabil-
ity within the collected data such as spatial variability and time-varying distur-
bances, and uses this information to guide future data collection. In doing so, 
this study will not focus on monitoring objectives specifically related to the GBR 
but rather considers a general monitoring objective to demonstrate the benefits 
in adopting an adaptive design approach. As such, we hope our approach and 
our  results are of broad interest and potentially applicable across a variety of 
environmental monitoring programs where reduced costs and more informative 
data collection is sought.

2 � Case study

Due to the relatively large amount of available data and the large and diverse range of 
disturbances that have occurred over time, the Whitsunday region of the GBR (Fig. 1) 
was selected as the region of interest for this paper (Osborne et al. 2011). In this region, 

Fig. 1   Survey sites for the Long-Term Monitoring Program in the Whitsunday region (right), the sur-
vey region of the Great Barrier Reef (left). The figure in the left panel was produced using eAtlas Web 
Mapping Service (“Bright Earth eAtlas basemap v1.0 (AIMS)”) and the figure in the right panel was 
produced using the GRB shape file having a nominal scale of 1:250,000 (Great Barrier Reef Marine 
Park Authority 2014) using R package ggplot2 (Wickham 2011). The Whitsunday region is divided into 
three shelf-positions: inner- (Hayman, Langford-bird, and Broder Island), middle- (19131S, 19138S, and 
20104S), and outer-shelf (Slate, Hyde, and Rebe) reefs. Survey sites in Whitsunday region are shown by 
red dots. A small amount of jitter was added to the locations for visualisation purposes
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a total of three sites are sampled on each reef, and three reefs are surveyed in each of 
the inner, middle, and outer reef habitats (5 observations × 3 sites × 3 reefs × 3 habitats) 
(Jonker et al. 2008). Five coral cover observations are collected at each site based on 
five 50 × 1 m2 transects which are located at a depth between 6–9 m each separated 
by at least 10 m and parallel to the reef crest. In some years, surveys could only be 
partially completed due to adverse weather conditions, resulting in fewer observations. 
Consequently, there were a total of 1077 observations in the data set collected in 2002, 
2004, 2005, 2007, 2009, 2011, 2013, and 2015.

AIMS has been collecting data from coral reefs in the GBR annually between 1993 
and 2005, and biennially thereafter using the LTMP surveys (Sweatman et al. 2008). 
Prior to 2006, images were taken based on digital photographs at 1 m intervals, and 
after that, the surveys were undertaken via video frames (i.e. many still images). To 
estimate coral cover at the site-level, 40 randomly selected images out of 50 are being 
considered. Once 40 images are chosen, the coral cover estimate is obtained by project-
ing five points onto each selected image, which are subsequently classified manually as 
being hard coral cover or not, by a marine scientist (Jonker et al. 2008).

Based on the available data and in discussion with coral experts from AIMS, a total 
of 14 potential covariates were considered including natural and anthropogenic distur-
bances, physico-chemical conditions, and topographic position that might have a direct 
or indirect influence on the coral cover (Table 1). Depending on whether the values 
of a covariate vary over time or not, one can classify them as either time-varying (i.e. 
1st row) or static site-specific covariates (i.e. 2nd row). The time-varying disturbances 
include temporally and spatially varying disturbance data of three major environmen-
tal disturbances, namely cyclone, bleaching, and CoTS. We used time-varying distur-
bance covariates which have been reproduced at a fine spatial scale (0.01 ◦ × 0.01◦ ) for 
a broad and consistent representation across the entire GBR (Matthews et al. 2019). 
The site-specific covariates consist of a total of ten topographic and physico-chemi-
cal covariates. Out of all of these covariates, one is discrete, four are categorical, and 
the rest are continuous. All the continuous covariates except CoTS were standardised 
(i.e. mean of 0 and a variance of 1) prior to use, as these were measured on different 
scales. The CoTS variable was treated differently due to the preponderance of zeros 
(i.e. absence of CoTS). This will be discussed later.

3 � Design framework

The adaptive design framework considered in this work consists of three key com-
ponents. The first component involves modelling historical data from the ecological 
process being monitored (Fig. 2 (left)). For this purpose, a statistical model is fitted 
for the LTMP data, and as we will be working within a Bayesian inference frame-
work, the resulting posterior distribution will then be used as the prior information 
for the design. In the second component, this prior information is exploited to assess 
the usefulness of newly proposed designs through quantifying monitoring objectives 
mathematically via a utility function (Chaloner and Verdinelli 1995) (Fig. 2 (mid-
dle)). Finally, the third component describes the optimisation approach used in this 
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study and the different reef monitoring scenarios adopted for evaluating existing and 
proposed monitoring designs (Fig. 2 (right)).

3.1 � Modelling historical data

We model hard coral cover as a function of the covariates described in Section 2. 
The model used for this purpose is described next.

3.1.1 � Fit a statistical model

We fit a spatial Beta regression model to the LTMP hard coral cover data as such a 
model can be considered for bounded data (i.e. proportions) and can accommo-
date a variety of distributional forms including symmetric and skewed distributions 
(Verkuilen and Smithson 2012). In general, the Beta distribution is parameterised in 
terms of two shape parameters (Ferrari and Cribari-Neto 2004). However, ecologi-
cally it seems more sensible to model the mean (and potentially the precision) of the 
response variable as a function of covariates. Accordingly, we adopted a Beta regres-
sion model that was parameterised in terms of a mean and a precision parameter (Fer-
rari and Cribari-Neto 2004).

We assume that yijk ∼ Beta(�ik,�ijk) where yijk denotes the j-th response, from the 
i-th site, in the k-th sampling year, where i = 1,… , 27 , j = 1,… , 5 , and k = 1,… , 8 . 
To account for potential relationships between coral cover and covariates (Table 1) and 

Fit a statistical model

Obtaining posterior
distribution of

model parameters

Propose design

Validate the fitted
statistical model

Form prior for design Approximating the
expected utility

Optimise design

Reef monitor-
ing scenarios

1. Comparison with
Kang et al. (2016)
2. Impact of reduced
surveys
3. Impacts of different
disturbance conditions
4. Comparison with
random design

Fig. 2   Diagram of the proposed Bayesian adaptive design framework. This consists of three key compo-
nents: Modelling historical data (left), Propose new alternative design and assess its usefulness (middle), 
and Optimisation and evaluation of the designs (right)
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spatial autocorrelation, the following regression structure was assumed for mean coral 
cover �ik:

where xt
i
= (x1i, ..., xpi) represents static site-specific covariates at di and zik repre-

sents time-varying disturbances. The terms �0, �d, �z, and �time are the intercept, and 
regression coefficients for the site-specific covariates, time-varying disturbances, 
and sampling year, respectively. Appropriate covariates to model the probability of 
hard coral cover were determined based on expert opinion and those found to be 
significant in previous studies. In addition, plots were used to assess whether cer-
tain modelling assumptions were appropriate e.g. based on Eq. (1), it is assumed 
that a continuous covariate has a linear relationship with the logit of the probability 
of hard coral cover (see Supplementary Material S3, for more details). Since the 
support of the Beta distribution is (0, 1), a transformation for the mean �ik of yijk 
requires mapping the mean linear predictor to the interval (0, 1). A typical choice 
for this is the logit link function G(⋅) (Lagos-Alvarez et al. 2017), where mean coral 
cover is modelled as: �ik = exp(�ik)∕(1 + exp(�ik)).

The precision parameter � is a scalar and represents the inverse of the variance of 
data from a Beta distribution. A model for the precision parameter based on covariate 
information could be developed, and it could also remain constant/common over the 
entire region (Lagos-Alvarez et al. 2017). Both forms of the model were considered for 
modelling our data, with the former having a linear predictor as described above but 
with a log link function and distinct parameter values (Smithson and Verkuilen 2006).

Preliminary work on adaptive design for GBR by Kang et  al. (2016) chose the 
Cooktown Lizard Island region of the GBR for their study. As the reefs were located 
sufficiently far away from each other in that region, the authors neglected the spatial 
dependency in finding adaptive design. However, a different region, i.e. Whitsunday on 
the GBR is considered in this study. To capture potential spatial dependency in coral 
cover, a spatially correlated random effect r|�r ∼ MVN(0,�r) was included based 
on distance between sites. The covariance matrix �r was chosen based on a Gaussian 
covariance function (Ecker and Gelfand 1997)  defined as follows:

where hi1i2 is the distance between sites i1 and i2, 𝜎2

r
> 0 is the variance of the spatial 

process (i.e. the partial sill), and 𝜙 > 0 is the range parameter.

3.1.2 � Obtaining the posterior distribution of model parameters

Within a Bayesian framework, all inferences are based on the posterior distribution. 
This posterior p(�|yp0 , zp0 , dp0 ) is proportional to the prior distribution p(�) multi-
plied by the likelihood p(yp0 |�, zp0 , dp0 ) , where dp0 is the previously used design (or 
the initial survey design) for data collection, yp0 represents previously collected coral 
cover data, and zp0 represents previously collected time-varying disturbances. Here, 

(1)�ik = G(�ik) = �0 + xt
i
�d + zt

ik
�z + k�time + ri,

(2)�r = �2
r
exp

(
−

(
hi1i2

�

)2
)
, i1, i2 = 1, ..., 27,
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the subscript p0 is used to specifically  denote previously collected/historical data. 
For the purposes of modelling our historical data, we considered vague prior infor-
mation such that all inferences were essentially data driven, see Table S1 of Supple-
mentary Material S1.

When it comes to finding optimal sampling designs, we will be required to find 
many posterior distributions, which can be computationally expensive. To circum-
vent this, throughout this paper we consider a computationally efficient approxima-
tion to the posterior distribution known as the Laplace approximation. In using a 
Laplace approximation, a Multivariate Normal distribution is formed as an approxi-
mation to the posterior distribution (see Section S1 in Supplementary Material 
S1, for more details specific to this application). We assessed the appropriateness 
of this approximation empirically, and we also note that we are considering a rea-
sonably large sample size meaning we can lean on the Bernstein-von Mises theo-
rem (Freedman et al. 1999) that states that, under certain conditions, as the sample 
size approaches infinity, the posterior distribution is Multivariate Normal. Another 
advantage of using this approximation is that it also provides an approximation to 
the model evidence which can be used for model choice as described below.

Bayesian model selection entails finding the most appropriate model to describe 
the data. For this purpose, we considered an M−closed class of models (Bernardo 
and Smith 2009) where the true model is assumed to be contained within a finite 
set of M candidate models {m ∈ 1, 2,… ,M} . Model formulation was accomplished 
using a forward stepwise approach. However, it should be noted that alternative 
approaches could be considered for this purpose (Burnham and Anderson 2002; 
Neuberg 2003). We chose a forward stepwise approach as opposed to backwards 
stepwise regression as there were many covariates in the data set, and some of these 
did not appear to be  useful (based on the exploratory data analysis). In particular, to 
undertake stepwise regression, we started with the null model (i.e. intercept only), 
first on the mean and then on the precision parameter. We then included covariates 
(Table 1) one-at-a-time to determine which covariates, if any, improved the model fit 
based on the posterior model probabilities, where all models were assumed equally 
likely a priori. The posterior model probabilities, which were evaluated  based 
on   the  model evidence approximated via the Laplace approximation (MacKay 
2003), were thus used to determine the preferred model for the historical data.

3.1.3 � Validate the fitted statistical model

A number of approaches were adopted to ensure our fitted statistical model appro-
priately described the historical data. First, models with and without a spatial com-
ponent were compared, and it was found that including the spatial term was pre-
ferred (based on the posterior model probability). We also compared our model with 
the one developed in Kang et  al. (2016), and found that our model was preferred 
based on a posterior predictive check. This involved simulating replicated data from 
each model and then comparing posterior predictive intervals with the observed data 
(Gelman and Hill 2006). In addition, block cross-validation was considered to evalu-
ate the predictive performance of this model, and a prior sensitivity analysis was 
also conducted, see Section S2 in Supplementary Material S1 for further details.
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3.1.4 � Form prior for design

In Bayesian adaptive design, designs are evaluated via  simulated supposed future 
data  based on prior information. To simulate such data, parameter values � are 
needed. For this purpose, the posterior distribution of the final model choice dis-
cussed above was used as the prior information or distribution p(�|yp0 , zp0 , dp0 ) 
(Table 2). This prior information was used for all subsequent design selections.

3.2 � Propose new alternative design and assess its usefulness

This section describes the approach used to compare and optimise designs in terms 
of addressing a specified monitoring objective which relates to the second component 
of our Bayesian adaptive design framework (Fig. 2 (middle)). In a broad sense, this 
procedure is similar to a power analysis (MacCallum et al. 1996; Fisher et al. 2019), in 
which one simulates data with known parameters, and then refits a model to determine 
whether a parameter of interest is significant or not. One of the primary distinctions 
here is that the “known” values come from a prior distribution, thus it is necessary to 
integrate over uncertainty in those values. Furthermore, instead of evaluating an indica-
tor variable related to power, a utility function which reflects the aim of data collection 
is evaluated. Thus, a more general approach is considered in this study through consid-
ering a utility function in order to find adaptive designs for a variety of different aims as 
described below.

Understanding the objectives of reef monitoring is needed in adaptive design 
(Nichols and Williams 2006) so that an appropriate utility function can be for-
mulated for the intended purpose of data collection. However, in the case of reef 
monitoring, programs have been created with ambiguous objectives in mind, such 
as monitoring the state and trends of coral cover without explicitly quantifying how 

Table 2   Definitions of distribution functions

Key component Distribution Notation

Modelling historical data (LTMP data) Prior (Table S1 in Supple-
mentary Material S1)

p(�)

Likelihood function (Beta 
distribution)

p(y
p0

∣ �, z
p0
, d

p0
)

Random effects p(r ∣ �2

r
,�)

Posterior p(� ∣ y
p0
, z

p0
, d

p0
)

Assessing the usefulness of a design, optimisation 
and evaluation of the design

Prior p(� ∣ y
p0
, z

p0
, d

p0
)

Time-varying distur-
bances

p(z ∣ d,�
p0
, z

p0
, d

p0
)

Likelihood function (Beta 
distribution)

p(y ∣ �, z, d, y
p0
, z

p0
, d

p0
)

Marginal likelihood (with-
out time-varying 
disturbances)

p(y ∣ d, y
p0
, d

p0
)

Posterior of model param-
eters

p(� ∣ y, z, d, y
p0
, z

p0
, d

p0
)
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this will be assessed (Kang et al. 2016). Kang et al. (2016) draw attention to a few 
selected monitoring objectives related to reef monitoring. For example, if there is 
a specific objective at hand in reef monitoring such as the precise estimation of the 
impact of coral bleaching or a CoTS outbreak, in such cases, an estimation utility 
could be appropriate to use, and this could focus on all parameters within a model 
or just specific parameters that may be of interest. Here, we focus on maximising 
the precision in estimating all model parameters as our measurable objective to find 
adaptive designs, and to also evaluate our approach against alternative methods 
(Nichols and Williams 2006).

3.2.1 � Propose a design

Within our design framework, a survey design defines sites for data collection. As 
shown in Eq. (1), once a selection of sites has been determined, the values of the 
static site-specific covariates are known, and these will be used within the coral cover 
model. We will thus use di , for i = 1,⋯ , 27 to determine the values of the site-spe-
cific covariates across all sites in the Whitsundays. A design can then be defined as 
d = (d1, d2,⋯ , di,⋯ , dv) ∈ Rns×v , where ns represents the number of site-specific 
covariates included in the final model choice and v is the total number of sites within a 
design, noting that a given site may appear multiple times. Later, the notation dL will be 
used to represent the current LTMP design where all the sites are sampled (i.e. v = 27).

In the context of Bayesian experimental design, the goal is to find a design d∗ that 
is expected to provide the maximum amount of information to address a specific 
research question. To quantify such information, a utility function u(d, y|dp0 , yp0 ) is 
used, which describes the worth of choosing design d (i.e. out of all the candidate 
designs) that yields data y for achieving the specified objective (Ryan et al. 2016). 
Such a utility function depends on y which is not yet observed. Furthermore, in 
natural ecosystems such as coral reefs, there are additional uncertainties associated 
with several factors, for example, where and when disturbances will occur (i.e. about 
time-varying disturbances z ). Due to such uncertainties, a utility function cannot be 
applied directly to find d∗ . Instead, the expectation of the utility function is taken 
with respect to such unknowns. Accordingly, an expected utility function can be 
defined as follows (Chaloner and Verdinelli 1995):

The above expected utility is not evaluated based on specific values of time-vary-
ing disturbances, but rather evaluated across their distribution. Thus, an assumption 
must be made about the distribution of unobserved time-varying disturbances; in 
this case, that they follow a distribution p(z|d,�p0

, zp0 , dp0) , see Section S2 in Sup-
plementary Material S2 for further details.

Given our monitoring goal of maximising precision of model parameters, we 
chose a specific utility function for parameter estimation called Kullback–Leibler 
divergence (KLD) (Kullback and Leibler 1951; Friel and Pettitt 2008). The KLD 

(3)
E[u(d, z, y|yp0 , zp0 , dp0 )] = ∫y ∫z

u(d, z, y|yp0 , zp0 , dp0)p(y|z, d, yp0 , zp0 , dp0)

p(z|d,�p0
, zp0 , dp0 )dzdy.
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is a measure of how one probability distribution is different from another. Here, as 
the two distributions, we consider the prior and posterior distributions. We formed 
the prior distribution p(� ∣ yp0 , zp0 , dp0) above by considering the LTMP data (Sec-
tion 3.1). For the posterior distribution p(� ∣ y, z, d, yp0 , zp0 , dp0 ) , this was formed by 
additionally simulating supposed future data based on a proposed design d.

The evaluation of the expectation of KLD between the prior and the posterior 
provides the means for comparing different designs. The larger the KLD is, the more 
different the two distributions are. Lindley (1956) proposed that such a measure 
could be used for design selection if one is interested in maximising the expected 
information gained on the model parameters. We also note that this approach has 
been adopted by other authors (Cook et  al. 2008; Huan and Marzouk 2013). We 
adopted the KLD utility expressed as follows (Friel and Pettitt 2008):

3.2.2 � Approximating the expected utility function

In general, one cannot evaluate the expectation defined by Eq. (3) directly, and 
therefore an approximation is needed. A straightforward approach to provide such 
an approximation is via Monte Carlo integration. Such an approximation can be 
expressed as follows (Ryan 2003):

where z(t) ∼ p(z|d,�p0
, zp0 , dp0) and y(t) ∼ p(y|�(t), z(t), r(c), d, yp0 , zp0 , dp0).

Further details of our approach to approximate the above expected utility are 
given in Supplementary Material S2 along with pseudo-code in Algorithm S1.

3.3 � Optimisation and evaluation of the design

This section describes the third component of our Bayesian adaptive design frame-
work: optimisation and evaluation of designs (Fig.  2 (right)). In order to find the 
optimal design, an approach is needed to maximise E[u(d, z, y|yp0 , zp0 , dp0 )] . The pro-
cedure used for this maximisation is described next, along with four reef monitoring 
scenarios to evaluate the resulting designs.

3.3.1 � Optimise design

In the examples that follow, we optimise designs within reef monitoring scenarios 
where there are a number of sites to choose from. Thus, there will be a large but 

(4)

u(d, z, y|yp0 , zp0 , dp0 ) = ∫�

p(�|y, z, d, yp0 , zp0 , dp0)

× log p(y|�, z, d, yp0 , zp0 , dp0)d�
− log p(y|z, d, yp0 , zp0 , dp0 ).

(5)E[u(d, z, y|yp0 , zp0 , dp0 )] ≈
1

T

T∑

t=1

u(d, z(t), y(t)|yp0 , zp0 , dp0 ),
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fixed number of potentially optimal designs. Enumerating all possible designs would 
be computationally infeasible, so we employ an optimisation algorithm. For search-
ing within a fixed number of sites (i.e. a discrete design space), the coordinate-
exchange algorithm (Meyer and Nachtsheim 1995) can be used.

To find an optimal design using the coordinate-exchange algorithm, for example 
a design with v sites, we initialise the algorithm using a random design that con-
sists of v sites (i.e. an arbitrary selection of v sites out of a total of 27 sites). Then, 
the algorithm optimises one site at-a-time by holding all other sites fixed. This is 
achieved through iteratively substituting each alternative site (i.e. out of all the avail-
able sites) for the given site. The alternative site that maximises the expected util-
ity is then selected for inclusion into the design. This process is then repeated for 
all sites in the design. As optimal choices for each location may change depending 
on what other sites have been selected, the algorithm iteratively cycles through the 
whole design a fixed number of times (i.e. a maximum number of iterations) or until 
no further improvement is observed in the expected utility.

3.3.2 � Reef monitoring scenarios

First, we consider future disturbance patterns consistent with historical patterns, and 
find optimal designs using our approach and the approach from Kang et al. (2016). 
Second, we explore the performance of our designs in comparison to the LTMP 
design under reduced survey scenarios and a variety of different future disturbance 
patterns. Furthermore, where appropriate, the performance of our designs and those 
found by employing methods from Kang et al. (2016) are compared against random 
selection. For all cases, design efficiency was evaluated based on comparing our 
adaptive designs with the LTMP design, designs found based on methods proposed 
by Kang et al. (2016) and random selection.

3.3.3 � Comparison with Kang et al. (2016) designs

Kang et al. (2016) derived adaptive design using a linear model. Our model dif-
fers from their original model by incorporating spatial covariates, the spatial 
correlation structure, and time-varying disturbances. To make a fair comparison 
with Kang et al. (2016) approach, we used their proposed linear model with our 
selected covariates without a spatial correlation structure. The resulting designs 
were then evaluated with respect to our Beta regression model with spatial ran-
dom effects (Eq. (6)). To compare designs found by adopting methods from Kang 
et al. (2016), denoted as dK , with our adaptive designs d∗ , the design efficiency 
was evaluated (see Supplementary Material S2: Section S4, for more details on 
efficiency evaluations). Such an efficiency can be interpreted as the proportion 
of sampling required under dK to achieve an equivalent amount of information 
as given by d∗ . A mean efficiency less than 100% would suggest that our designs 
are expected to yield more precise estimates of parameters compared to designs 
found based on methods from Kang et al. (2016) and vice versa for a mean effi-
ciency greater than 100%.
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3.3.4 � Impacts of reduced survey

To further evaluate our proposed design framework, we found optimal designs under 
reduced survey scenarios. These scenarios were considered to investigate the possi-
bility of lowering survey effort, and the subsequent impact this would have in terms 
of achieving the monitoring objective. This was investigated to determine which reefs 
or sites could potentially be dropped from the LTMP, and to assess the associated 
impact. For this purpose, two approaches were considered: 1) dropping reefs from the 
LTMP design, and 2) dropping a site from each reef within the LTMP design.

First, to determine the least informative reef, the approximate expected util-
ity was evaluated for all designs formed by excluding one reef (only). Thus, the 
optimal design will consist of 24 sites (i.e. v = 8 reefs × 3 sites = 24 sites). The 
design that yielded the largest utility was inspected to determine which reef was 
missing and this reef was then proposed as the least informative reef. This proce-
dure was repeated to determine the next least informative reef, and so on. Second, 
we investigated the impact of dropping the least informative site from each reef. 
To do so, we sought an optimal design that consisted of 18 sites (i.e. v = 9 reefs 
× 2 sites = 18 sites), see Table 3 for a description of sites by each reef. For this 
latter investigation, the design optimisation was performed using the coordinate-
exchange algorithm. Such an optimisation approach was not needed for the first 
investigation as there were a relatively small number of designs to choose from, 
so an exhaustive search was employed.

3.3.5 � Impacts of different disturbance scenarios

Ecosystems are often affected by different environmental disturbances. Here, we 
investigate adaptive design subject to such disturbances under two scenarios. In 
the first scenario, we chose disturbance conditions to reflect historical disturbance 
patterns in the Whitsunday region. To achieve this, future time-varying covariate 
values were simulated solely based on estimated parameter values for each site 
using the previously collected time-varying disturbances data (Supplementary 
Material S2: Table S1). In the second scenario, we simulated different disturbance 

Table 3   Reefs in the 
Whitsunday region and the 
corresponding site numbers

Reef names Reef numbers Site numbers

19131S 1 19, 20, 21
19138S 2 13, 14, 15
20104S 3 10, 11, 12
Broder Island reef 4 1, 2, 3
Hayman Island reef 5 7, 8, 9
Hyde reef 6 22, 23, 24
Langford-bird reef 7 4, 5, 6
Rebe reef 8 16, 17, 18
Slate reef 9 25, 26, 27
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conditions to explore how resulting optimal designs may change. This second sce-
nario includes four schemes, where CoTS disturbance conditions varied as follows: 

	 (i)	 One site from each reef affected;
	 (ii)	 All the sites in the inshore reefs affected;
	 (iii)	 All the sites in the middle-shelf reefs affected;
	 (iv)	 All the sites in the outer-shelf reefs affected.

Under Scheme (i), we randomly selected one site from each of the nine reefs in 
the Whitsunday region and changed CoTS disturbance probability at those sites 
to equal 1; thus, this implies that there will be a CoTS outbreak at the correspond-
ing reefs. For the next three schemes, we changed this CoTS disturbance propor-
tion to equal 1 for each of the inshore (Scheme (ii)), the middle-shelf (Scheme 
(iii)), and the outer-shelf (Scheme (iv)) sites, respectively. The corresponding 
optimal designs were found using the coordinate-exchange algorithm.

To compare our optimal designs with the LTMP design dL under “Impacts of 
reduced survey” and “Impacts of different disturbance scenarios”, design effi-
ciency was again used. In the case of exploring optimal designs under a reduced 
survey approach (i.e. compared to the dL ), the efficiency was based on the expected 
utility of the design dL (Supplementary Material S2: Eq. S3). The interpretation of 
the resulting mean efficiency is as given before with a mean efficiency close to 
100% meaning little information is expected to be lost compared to the design dL 
by using our reduced survey design approach. As there will not be such survey 
reduction in the later investigation, the efficiency was based on the expected utility 
of the optimal design d∗ , i.e. the inverse of Supplementary Material S2: Eq. S3.

4 � Results

4.1 � Quantifying prior information

Following the procedure described in Section  3.1, the most appropriate coral 
cover model found was:

Baseline categories for categorical covariates are incorporated into the intercept 
(e.g. inshore for Shelf position, see Table 1 for more details on covariates). A sum-
mary of the posterior distribution of the parameters for the above model is provided 
in Table 4. The posterior means and standard deviations are shown with 95% cred-
ible intervals. The credible intervals indicate that all parameters are significant (i.e. 

(6)

logit(�ik) = �0 + �1Middle-shelfi + �2Outer-shelfi + �3Open Reefi

+ �4Bathymetryi + �5Chlorophylli + �6CRS_T_AVi + �7Cycloneik

+ �8Bleachingik + �9log CoTSik + �10Timek + ri,

i = 1,⋯ , 27 and k = 1,⋯ , 8.
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do not contain zero) except the coefficients for Time, Middle-shelf, and log CoTS. 
In general, these results are consistent with what other similar studies have reported 
(e.g. Kang et  al. (2016); Vercelloni et  al. (2017); Peterson et  al. (2020); MacNeil 
et al. (2019)). However, some variation is expected as we are only focusing on a par-
ticular region on the GBR, and we fit a different model (Table 5).

4.2 � Optimisation and evaluation of the design

4.2.1 � Comparison with Kang et al. (2016)

When comparing dK with d∗ , an average design efficiency of 47 (0.49)% was found, 
where the standard deviation is provided in the parenthesis. It is worth noting that 
an efficiency of less than 100% is expected here as both designs were evaluated 
based on the spatial Beta regression model, i.e. the model assumed when finding 
our design, so justification of the appropriateness of including a spatial variability 
term in the model is needed. We note that this was provided in the model selection 
section, see Section 3.1. Interestingly, the resulting relatively low efficiency value 
for dK compared to d∗ (i.e. 47%) indicates that our optimal design is expected to 
provide more informative data than the data gathered using the approach of Kang 
et al. (2016). More specifically, this efficiency value implies that over twice as much 
sampling is needed using dK compared to d∗ to achieve an equivalent amount of 
information about our monitoring objective.

4.2.2 � Impact of reduced surveys

The effect of reduced surveys achieved by dropping reefs and sites was compared 
with the current LTMP design in the Whitsunday region. To begin this investiga-
tion, dropping reefs was considered, and the design efficiencies for dropping one, 
two, and three reefs are shown in Fig. 3. In the case of dropping one reef, d5 has the 
highest mean efficiency of approximately 89 (1.13)% (Fig. 3(a)). One reef is missing 

Table 4   The retained and dropped sites within the optimal design  and the corresponding shelf and reef 
details. The first column relates to the three shelf positions in the region. The reef names and the cor-
responding numbers are shown in the next two columns, respectively. The last two columns report the 
retained and dropped sites from the corresponding reefs under the optimal design

Shelf position Reef names Reef numbers Retained sites Dropped site

Middle 20104S 3 11, 12 10
19138S 2 13, 14 15
19131S 1 19, 20 21

Outer Rebe 8 16, 18 17
Hyde 6 22, 23 24
Slate 9 26, 27 25

Inshore Broder Island 4 2, 3 1
Hayman Island 5 8, 9 7
Langford-bird 7 4, 5 6
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in each design here, and the missing reef in the optimal design d5 is Hayman Island. 
Similarly, under dropping two reefs, d2 has the highest mean efficiency of approxi-
mately 81 (0.59)% (Fig. 3(b)). The corresponding missing reefs are Hayman Island 
and Rebe. Interestingly, some designs remain more than 75% efficient even after 
dropping three reefs; a one third reduction in survey effort (Fig. 3(c)).

Table 5   Summary of the posterior distribution of the model parameters

Parameter Mean Standard devia-
tion

Lower bound of 95% 
credible interval

Upper bound 
of 95% credible 
interval

Intercept −1.27 0.08 −1.43 −1.12
Time −0.04 0.03 −0.10 0.01
Middle-shelf 0.15 0.08 −0.01 0.32
Outer-shelf 0.91 0.21 0.50 1.31
log CoTS −0.01 0.01 −0.02 0.00
Open reef 0.28 0.09 0.11 0.45
Cyclone −0.45 0.05 −0.55 −0.35
Bleaching −0.22 0.07 −0.35 −0.08
Bathymetry −0.11 0.02 −0.15 −0.06
Chlorophyll −0.80 0.10 −0.99 −0.61
CRS_T_AV −0.23 0.05 −0.33 −0.13
log variance −2.52 0.04 −2.61 −2.44
log partial sill −5.98 0.48 −6.93 −5.03
log range −1.12 0.06 −1.24 −1.00

Fig. 3   Design efficiencies after dropping (a) one, (b) two, and (c) three reefs in the Whitsunday region of 
the Great Barrier Reef. x-axis represents the designs that were formulated after dropping one, two, and 
three reef/reefs. y-axis represents efficiency of those designs with respect to the LTMP design, see the 
description related to Supplementary Material S2: Eq. S2, for details on how efficiency was estimated for 
a given optimal design. The black horizontal line is the 75% efficiency level
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It is of interest to understand why particular reefs/sites are less informative com-
pared to other reefs/sites in the region. Potential reasons for a given reef/site being 
less informative compared to others could include the differences in covariate val-
ues between reefs/sites, and the distance between reefs/sites (i.e. spatial effect in 
the model). In terms of the results related to dropping reefs (discussed in the previ-
ous paragraph), it seems that information about a dropped reef may be being lev-
eraged from data collected at neighbouring reefs. This can potentially be seen in 
Fig. 4 where we observe that the least informative reef, i.e. Hayman Island is close 
to Langford-brid, and the second least informative reef, i.e. Rebe is located close to 
Hyde. Moreover, it should be noted that these reefs are located within a distance that 
is less than the estimated range parameter. This suggests that those reefs are associ-
ated, see Supplementary Material S2: Section S6, for more details on a qualitative 
comparison of the optimal designs. In summary, it appears as though our designs 
contain locations that can leverage information about neighbouring locations (rather 
than sampling there) due to the spatial dependence within the data.

Next, we consider the results related to dropping the least informative site from 
each reef. The sites the optimal design retained are shown in Table 4 and the reader is 
referred to Fig. 5 for the locations of those sites. Although dropping the least informa-
tive site from each reef was equivalent to a one third reduction in survey effort, the 
optimal design was still able to maintain an approximate mean efficiency of 85 (0.44)%. 
This small decline in efficiency relative to the decline in survey effort suggests there is 
value in considering an adaptive design approach when survey effort is being reduced.

Next we explore potential reasons why one site appears to be less informative 
than the other two sites within a given reef. When investigating this, it is worth not-
ing that distances between sites within a reef are at least 250 m apart (where pos-
sible) (Australian Institute of Marine Science 2021), and they are relatively constant 
compared to the distances between reefs. This perhaps suggests that the spatial com-
ponent is not particularly driving the site selection. Instead, one could consider the 

Fig. 4   Spatial locations of the two least informative reefs (sites) in the Whitsunday region. This figure 
was produced using the GRB shape file having a nominal scale of 1:250,000 (Great Barrier Reef Marine 
Park Authority 2014) using R package ggplot2 (Wickham 2011). Sites on these two reefs are displayed in 
red. A small amount of jitter was added for visualisation purposes
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differences between covariate values as a potential reason for site selection, and we 
will investigate this next.

For examining the covariate differences, summaries of the distributions of time-
varying and other covariates at each site are shown in Fig. 6 (a)–(f). As can be seen, 
bleaching event proportions vary only between 0.125 and 0.128 among reefs in this 
region. Consequently, site selection may not be driven by differences in bleaching. 
Instead, if we consider bathymetry, Sites 11 and 12 from reef 20104S seem to have 
quite different values of bathymetry so this is a potential reason they are retained in 
the optimal design. For Sites 14 and 15 on reef 19138S, they share similar values for 
all covariates, so this is potentially why the optimal design drops one of them (i.e. Site 
15) to retain the two most dissimilar sites. The same argument could be made for sites 
on the remaining middle-shelf reef, i.e. 19131S. In the outer-shelf, the optimal design 
keeps Sites 16 and 18 from Rebe reef. It seems this is due to the contrast in bathym-
etry and the mean temperature values of these sites. Furthermore, the optimal design 
retains Sites 2 and 3 on Broder Island reef (Table 4). However, sites on this reef share 
similar features (Fig. 6). The same is true for sites on the remaining two inshore reefs, 
i.e. Langford-bird and Hayman Island. In such cases, the site choice within these reefs 
may be largely inconsequential. In summary, these results seem to show that site selec-
tion appears to depend on variability in site-specific features as this would allow the 
effect of these covariates to be estimated more precisely. It is also potentially a feature 
of the sites being relatively similar distances apart (within a reef).

4.2.3 � Impacts of different disturbance conditions

Two scenarios were considered to find designs that vary over time depending on 
the effects of environmental disturbances. In Scenario 1, environmental disturbances 
were simulated to match the historical disturbance patterns in the Whitsunday 

Fig. 5   Spatial locations of the reefs/sites in the Whitsunday region of the Great Barrier Reef after drop-
ping the least informative site from each reef. This figure was produced using the GRB shape file having 
a nominal scale of 1:250,000 (Great Barrier Reef Marine Park Authority 2014) using R package ggplot2 
(Wickham 2011). Red points denote dropped sites from each reef. A small amount of jitter was added for 
visualisation purposes
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region. To understand how design points were distributed under this scenario, the 
location of sites within the optimal designs (i.e. d∗ ) were visualised with the current 
LTMP (i.e. dL ) sites (Fig. 7). To help interpret the results in Fig. 7, a dot plot was 
produced (Fig. 8), which shows the number of samples to be collected from each site 
under the optimal design. Accordingly, the optimal design does not collect data from 
all the sites in the Whitsunday region. Instead, it collects more data from a particular 
selection of sites. The mean design efficiency of dL compared to d∗ was 41 (1.40)% 
which suggests d∗ is providing highly informative data compared to dL when distur-
bance patterns similar to historical patterns are observed. This inefficiency for dL 
compared to d∗ suggests that d∗ provides highly informative data with less survey 
effort than dL for maximising precision in parameter estimation.

In considering why certain sites were sampled more than others and some not at 
all, one can explore the differences in covariate values and distances between reefs/
sites, in the habitats, reefs, and sites scales. As a habitat is concerned, the optimal 
design collects more data from sites at a reef located far away from the other reefs 
in the same habitat (Fig. 7). Furthermore, when two reefs are nearby, the optimal 
design collects fewer data from sites at either of the reefs. For the reef level, Hay-
man is the only reef open for fishing in the inshore habitat. To capture the underly-
ing contrast of this reef compared to others, the optimal design collects more data 
from sites on this reef (i.e. Sites 7, 8, and 9) (Fig. 8). Similarly, the only reef closed 
to fishing in the outer-shelf habitat is Slate, and thus, the  optimal design collects 
more data from sites at this reef. Regarding the site level, the most diverse sites in 
the Whitsunday region in terms of covariates are Sites 11 and 27 (Fig. 6). To poten-
tially estimate covariate effects, the optimal design collects more data from these 
two sites compared to the other sites in the region (Fig. 8). Overall, it seems that the 

Fig. 6   Distributions of time-varying disturbances proportions (a–c) and distributions of other covariates 
(d–f) at each site in the Whitsunday region of the Great Barrier Reef. Reef names corresponding to num-
bers given here are shown in Table 4
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optimal design collects more data from reefs/sites that are quite dissimilar from oth-
ers for maximising precision in parameter estimation.

In Scenario 2, we determined optimal designs subject to CoTS disturbance under 
four survey schemes, i.e. one site from each reef affected, all the sites in the inshore 
reefs affected, all the sites in the middle-shelf reefs affected, and all the sites in the 
outer-shelf reefs affected. The mean efficiencies of the design dL compared to the 
optimal designs from each of these four schemes were 47 (0.47)%, 48 (0.57)%, 50 
(0.59)%, and 51 (0.69)%, respectively. These efficiencies suggest d∗ is expected to 
capture approximately twice as much information as dL to address our monitoring 
objective. The optimal designs selected under these four schemes reflect similar pat-
terns to those discussed above in Scenario 1, so they are given in Supplementary 
Material S2: Section S5 where further discussion is provided.

In addition, further evaluations of our optimal designs were undertaken in Sce-
nario 1 and Scenario 2 (scheme i), see Supplementary Material S2: Section S6 for 
further details.

Fig. 7   The optimal design when disturbance patterns match historical disturbance patterns. The Whit-
sunday region of the Great Barrier Reef is depicted in three parts as Inner- (a), Middle- (b), and Outer-
shelf (c) habitats. Green dots and red circles represent “not selected” and “selected” sites into the optimal 
design, respectively. Frequency is related to red circles and represents the number of samples to be col-
lected from a site. A small amount of jitter was added for visualisation purposes

Fig. 8   Number of observations to be collected from each site in the Whitsunday region of the Great Bar-
rier Reef when disturbance patterns match historical disturbance patterns in the region
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5 � Discussion

This study contributes to improving the effectiveness of ecosystem monitoring 
through the use of adaptive design approaches, and this was demonstrated using hard 
coral cover data collected on the GBR. We demonstrated how an adaptive design 
approach can be used to appropriately leverage information from previously col-
lected data,  reduce monitoring costs/resources and capture a relatively large amount 
of information about coral health. Our results suggest that efficiency can be gained 
through leveraging information from nearby locations, and this perhaps could be an 
important insight to inform ecosystem monitoring practices more generally.

The current study compared the effect of having fewer LTMP sites in the Whit-
sunday region, either by removing reefs or removing one site from each reef. Most 
notably, removing these reefs and sites did not result in substantial loss of information 
about the parameters in our coral cover model. This is because our model captures 
spatial variability; thus, information about the coral cover at a particular site/reef could 
be obtained from neighbouring reefs. For example, Hayman and Langford-bird reefs 
are located nearby in the inshore habitat (Fig. 4), while the remaining inshore reef, 
Broder Island is relatively isolated. Therefore, Hayman reef was identified as the least 
informative reef in the Whitsunday region while Broder Island was retained. A similar 
pattern was seen in the outer-shelf habitat where Hyde and Rebe reefs are close to 
each other; thus, Rebe reef was identified as one of the least informative reefs. Out of 
interest, we also compared our optimal designs with those based on methods proposed 
by Kang et  al. (2016). Our optimal designs performed well, and again appeared to 
exploit the spatial dependencies in coral cover, leveraging information from nearby 
locations, see Supplementary Material S2: Section S6, for further details.

Our other objective was to find designs that could change over time, depend-
ing on environmental impacts on ecosystems. Using the GBR as a case study, we 
found adaptive designs when disturbance patterns matched historical and potential 
future disturbance patterns. From this, we found that data were not collected from 
all LTMP sites but instead more data were collected, for example, in regions that 
were more affected by disturbances. The efficiency comparison of such designs 
with the LTMP suggested that the collected data were highly informative in terms 
of reaching the monitoring goal, i.e. maximising precision in parameter estimation. 
Such a finding may have implications for developing adaptive designs to quantify 
the impact of environmental disturbances in ecosystem monitoring.

In assessing this work, it is important to note that the choice of model can have 
a significant influence on the optimal design. We demonstrated this by considering 
two different models for coral cover data, and found a significant reduction in the 
performance of designs when they were found assuming a different model was pre-
ferred for coral cover. This highlights the important role the model plays in deter-
mining an optimal design and how well a given design can address a monitoring 
objective. Given this, we suggest more ecologically representative or mechanistic-
based models be considered within design as such models should be more appro-
priate, in general, to describe coral cover, and thus  this should lead to additional 
efficiencies in ecosystem monitoring.
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In this paper, we focused on a general monitoring objective, which was to maxim-
ise the expected information gained on all model parameters simultaneously. Kang 
et  al. (2016) proposed and implemented other utility functions that could be used 
in the reef monitoring context and more broadly for other ecosystems monitoring. 
Given the generic nature of the methods developed in this study, it is worth noting 
that it would, in principle, be straightforward to consider a variety of other monitor-
ing objectives such as prediction accuracy, trend estimation, or combination of both. 
Of interest is whether similar efficiency as observed in this paper would be gained 
from using an adaptive design approach with such utilities.

There is scope to extend the methods presented in this paper. For example, we 
did not consider the potential spatial and serial correlation of time-varying distur-
bances, or the correlations that may exist between such variables, or lagged effects 
of some covariates (such as water quality and SSTA) on coral cover. The effects of 
such associations could be explored in future studies, and potentially could lead to 
more informative adaptive designs. Furthermore, previous research has shown that 
inferences can change depending on the spatial scale and extent of spatial smooth-
ing that is considered (Kang et al. 2013, 2014). Therefore, it would be interesting to 
explore whether such changes significantly impact the chosen optimal design.

5.1 � Summary of approach and outcomes

To potentially provide direction to apply our design framework to monitor other 
ecosystems, we provide a summary of our approach and some general outcomes. 
To initialise the process, we suggest defining the research question you wish to 
answer or the hypothesis you would like to test based on the planned future data 
collection. Such clarity will aid in the development of an appropriate analysis 
model and/or utility function to address this question/hypothesis. Next, propose 
the statistical model that will be used to analyse the collected data to provide an 
answer (with uncertainty) to your research question/hypothesis. To complement 
your future data collection, consider whether there are other sources of informa-
tion that could be incorporated into your analysis to reduce this uncertainty. This 
could be, for example, expert elicited and/or previously collected data. Then, 
based on this, different future sampling designs can be proposed and assessed 
quantitatively in terms of how much they reduce the uncertainty about your 
research question/hypothesis. Such sampling designs can then also be assessed 
within a variety of scenarios that may be encountered in the future e.g. scenarios 
based on a variety of values of the considered time-varying covariates. Through 
adopting this approach and applying it to reef monitoring case study, the follow-
ing general outcomes were found:

•	 Considering an appropriate statistical model for the data can lead to sampling 
efficiency, so we suggest domain experts are included in the model develop-
ment phase.

•	 Contrast data at extreme values of covariates to learn about (linear) effects.
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•	 Collect data at levels that are most uncertain e.g. if there is relatively large 
variability between reefs, then collect data on a larger number of reefs rather 
than collecting multiple samples on the same reef.

•	 If the model includes a spatial term and the aim is to maximise the precision 
of the model parameters, select locations that are not spatially correlated.

6 � Software

A desktop computer with R version 3.5.2 and HPC system were used for the 
analysis.

Supplementary Information  The online version contains supplementary material available at https://​doi.​
org/​10.​1007/​s10651-​024-​00623-9.
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