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Abstract 
 

Recent events of widespread coral bleaching allude to the significant impact of climate 

change and anthropogenic pressure upon the shallow-water marine ecosystems known as coral 

reefs. Given the limitations of underwater satellite imagery and predictions of average sea surface 

temperature rise to be 2°C by 2060, novel methods that aid conservation on a large scale are 

required. Previous studies have attempted to map the global distribution of tropical corals by 

directly calculating the area of reefs using nautical charts and by calculating continental shelf area 

using predictive techniques. Conversely, the present study aimed to predict the spatial distribution 

of tropical coral reefs by incorporating environmental data and elements of machine learning into 

three different species distribution models. By using habitat suitability of hermatypic corals as a 

proxy for reef presence, this study was able to predict the global distribution of tropical coral reefs 

with a 20 x 20 km resolution. It was observed that bathymetry, sea-surface temperatures, salinity, 

and pH significantly affected the likelihood of observing coral reef presence in all three models. The 

models also performed favourably under sensitivity analysis (AUC > 0.84), especially when compared 

to empirical observations of known coral reef systems. Areas which were predicted to have 

marginal-to-high suitability were used to approximate the spatial coverage on a global scale. Using 

the combined results of the models, it was estimated that suitable habitat for hermatypic corals is 

approximately 3.53 ± 0.18% of the world’s oceans. Nevertheless, calculations of pristine habitat (i.e. 

p ≥ 0.9 of finding a coral reef) were noted to be closer to 1.0 % of the world’s oceans. The outputs of 

the models, as well as the data that was generated as a result of this study, should be of interest to 

coral ecologists, wildlife biologists, fisheries managers, and groups within the petroleum industry. 
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Introduction 
 

 Coral reefs are diverse ecosystems that are characterized by the presence of organic calcium 

carbonate deposits (Milliman, 1974). Though many biotic and abiotic components interact 

synergistically to form a coral reef (Carleton Ray, 1996; Polónia et al., 2015), one taxon has been 

observed to have a disproportionally large effect on the ecosystem (Kerry & Bellwood, 2015). It is 

argued that hermatypic (Scleractinian) corals are keystone species in these ecosystems, as they 

directly create habitat complexity (Alvarez-Filip et al., 2013); which provides shelter for a range of 

marine organisms, such as teleosts (Chabanet et al., 1997) and crustaceans (Lozano-Álvarez et al., 

2007). In addition to habitat complexity, the soft tissue of hermatypic corals also act as a source of 

nourishment for many species of teleosts and invertebrates; such as members of the Scaridae 

(parrotfish; Bonaldo et al., 2012), Chaetodontidae (butterfly fish; Cole et al., 2011), Tetraodontidae 

(pufferfish; Palacios et al., 2014), Amphinomidae (fireworms; Wolf & Nugues, 2013), Diadematidae 

(long-spine sea urchins; Bak & van Eys, 1975), and Acanthasteridae (venomous starfish; Walbran et 

al., 1989) families. The presence of hermatypic corals also indirectly affects other marine organisms, 

such as pinnipeds (Parrish et al., 2000) and cheloniids (León & Bjorndal, 2002), by providing them a 

sheltered feeding ground. Furthermore, hermatypic corals are also known to affect the economy of 

coastal communities in many different ways (Moberg & Folke, 1999); such as acting as a shelter for 

juvenile specimens of commercial fishes (McClanahan, 1994), being a tourism attraction (Brander et 

al., 2007), and by acting as a buffer to storm surge (Stoddart, 1971). Given the importance of 

hermatypic corals, it is important to know the spatial extent of suitable habitat for these corals, and 

the factors which influence it. 

 Previous studies have identified a number of natural, anthropogenic, or a combination of 

these factors, to be responsible for the regional decline or absence of living corals (Birkeland, 2004). 

In terms of natural factors, coral assemblages have been shown to be negatively affected by 

excessive ultra-violet radiation (Aranda et al., 2011), abnormally high water temperatures (Lough & 



Predicting tropical coral reefs –  4 
 

 
 

van Oppen, 2009), storms (Foster et al., 2011; Osborne et al., 2011), earthquakes (Aronson et al., 

2012), and microbial infections (Aeby et al., 2011). Corals can also be negatively affected by 

sedimentation, which is a result of natural and/or urban runoff (Fabricius, 2005). Other 

anthropogenic factors with detrimental effects to coral assemblages include trampling by tourists 

(Meyer & Holland, 2008), marine pollution (Dubinsky & Stambler, 1996), dredging (Bak, 1978), and 

other physical damage induced by aquatic vessels (Davis, 1977). Nevertheless, given the fact that 

coral reefs have existed for thousands of years (Caley & Richards, 1956; Jackson, 1992), it can be 

inferred that natural environmental conditions are the factors that primarily limit the spatial 

distribution of hermatypic corals.    

 In terms of these environmental parameters, bathymetry is one of the elements that has 

been observed to be limiting the presence of corals (Mumby et al., 2004). Since light attenuation 

increases with depth and turbidity (Markager & Vincent, 2000), most hermatypic coral species are 

confined to shallow water (Fricke & Schuhmacher, 1983; Grigg, 2006). In addition to bathymetry, 

ambient water temperature is another element that has been observed to have controlling effects 

on tropical coral distribution (Coles, 1976). Since corals and zooxanthellae are ectotherms, their 

metabolic rates are governed by ambient water temperatures; which in turn, are governed by water 

currents and insolation (Miller & Wheeler, 2012).  Similar to most ectotherms, hermatypic corals can 

also survive in a relatively wide range of temperatures (Macintyre & Pilkey, 1969; Jokiel & Coles, 

1977); but they seem to perform at an optimum in a niche of temperatures (Coles & Jokiel, 1977). 

Other elements which have also been observed to influence the spatial distribution of corals are 

salinity and pH. Salinity has been observed to affect the metabolic rates of corals and zooxanthellae 

(Muthiga & Szmant, 1987); whereas pH has been observed to directly affect the calcification rates of 

corals (Marubini & Atkinson, 1999) and the metabolic rate of zooxanthellae (Kühl et al., 1995). 

Overall, hermatypic corals exist in a narrow range of bathymetry, temperature, salinity, and pH 

values.  
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 The four aforementioned elements are considered fundamental, because they directly affect 

habitat suitability for hermatypic corals. If any of these environmental parameters was unsuitable, 

then it is highly improbable that living corals would be present; which in turn would affect the 

likelihood of finding a tropical coral reef there. Though studies have been conducted which 

empirically surveyed regions of the ocean for coral reefs, a lack of funding and resources has 

hindered a fine-scale, global empirical study (Mumby et al., 1997). The purpose of this study is to 

create a model, which synthesizes empirical data, to predict the spatial extent and distribution of 

tropical coral reefs; based on the fundamental niche of hermatypic corals. Similar models have 

previously been constructed for deep-water coral (Bryan & Metaxas, 2007; Davies et al., 2008) and 

invasive macroalgae (Tyberghein et al., 2012) taxa; which have yielded promising results. Our 

hypothesis is that the known distribution of tropical coral reefs will be successfully predicted by 

values of bathymetry, temperature, salinity, and pH.  

 

Methods 
 

In order to predict suitable coral habitat for the planet, geographical variables that 

effectively covered the oceans were required. Having determined the primary factors that directly 

and indirectly affect coral survivorship (i.e. temperature, depth, pH and salinity), several global 

databases were interrogated and evaluated for use in distribution models. Oceanographic variables 

for sea-surface temperature, pH, and salinity were sourced from the World Ocean Database (NOAA, 

2013). Specifically, the raw data from the Ocean Station Dataset were selected and extracted, using 

Visual Studio, and imported into geographic information system software (ArcMap; McCoy et al., 

2001). Point data for each of the environmental parameters, for every station (temperature: N = 

611,664; pH: N = 492,112; salinity: N = 611,531), were interpolated into continuous surfaces using an 

inverse distance weighting (IDW) algorithm (Childs, 2004). To minimise error, power parameters (i.e. 

the influence from increasingly distant neighbours) for the IDW algorithm were optimised using 
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cross-validation techniques. Depth data was sourced from the General Bathymetric Chart of the 

Ocean (GEBCO; Fisher et al., 1992). Six 120° × 80°, 30-second arc interval grid ASCII files were 

individually extracted, and combined into a single mosaic RASTER dataset; effectively representing 

bathymetry values for the entire globe. Using shapefiles of the world’s land masses, all terrestrial 

cells were removed from the RASTER; resulting in a bathymetric layer with a cell size of 0.0083°× 

0.0083°. Geotagged data of known coral reefs was sourced from an online database (ReefBase, 

2016). These observations formed the basis of presence values within the distribution model (N = 

5,140); while pseudo-absences (Chefaoui, 2008; Mateo et al., 2010; Barbet‐Massin et al., 2012) were 

derived on the basis of 40 – 200 km radial buffers around each of the presence observations (Figure 

1).  The presence and pseudo-absence points were laid over the environmental parameter layers, 

which formed a set of binomial response values. Subsequently, the values of each of the 

environmental parameters were extracted at every intersection with a presence or absence point; 

which formed a set of predictor variables.  

A prediction layer (WGS 1984 World Mercator) was created for the entire ocean that 

included the temperature, pH, salinity, and depth parameters; all of which were resampled into 

uniform geographic extents and cell sizes. Grid-squares of 20 km2 (N = 2,354,392) were generated, 

and overlaid the prediction layer. At each individual grid square, the corresponding values for the 

environmental conditions were extracted, and imported into statistical software (R Development 

Core Team, 2016) for predictive analysis (Wood, 2001). To predict the spatial extent of suitable 

habitat for hermatypic corals, the presence, absence, and environmental parameter data were 

incorporated into several species distribution models (Austin, 2002; Guisan & Thuiller, 2005; Elith & 

Leathwick, 2009). A generalised linear model (GLM) was fit using a logistic link function (Zuur, 2007), 

which took the following form: 

𝑙𝑜𝑔𝑖𝑡(𝜋) = 𝑙𝑜𝑔
𝜋

(1−𝜋)
=  𝛽𝑜 + 𝑡𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒 + 𝑠𝑎𝑙𝑖𝑛𝑖𝑡𝑦 + 𝑝𝐻 + 𝑏𝑎𝑡ℎ𝑦𝑚𝑒𝑡𝑟𝑦 ; 
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where 𝜋 represents the probability of presence, and 𝛽𝑜 represents the intercept. A generalised 

additive model (GAM) with a logistic link was also fit, which took the following form: 

 𝑓(𝑥) =  𝛽𝑜 + 𝑓(𝑡𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒) + 𝑓(𝑠𝑎𝑙𝑖𝑛𝑖𝑡𝑦) + 𝑓(𝑝𝐻) + 𝑓(𝑏𝑎𝑡ℎ𝑦𝑚𝑒𝑡𝑟𝑦) ; 

where 𝛽𝑜 represents the additive model intercept, and f represents the smoothed functions of 

explanatory variables (Zuur, 2007). Knots were penalised within the model, using cross-validation to 

optimise the smooth functions and minimise residual error. Cross-validation was set to 10 k-folds for 

comparison, and shrinkage was also applied to model all model terms. Nevertheless, no terms were 

removed due to parameter shrinkage. In both the GAM and the GLM, overdispersion was also tested 

for by fitting the model using a quasibinomial distribution and assessing the dispersion parameters. 

Additionally, a classification and regression tree (CRT) was fit to the data, which took the following 

form: 

𝑓(𝑥) =  ∑ 𝑐𝑚 ∙  1(𝑋 ∈𝑅𝑚)   𝑀
𝑚=1 ; 

where X is a matrix of predictor values, R represents regions of predictor space, and c represents the 

penalty term against divergent nodes (James, 2013). Classification tree regression incorporated a 

binary recursive splitting algorithm, to separate these regions within the predictor space. In order to 

minimise the residual error, cross-validation (i.e. using half the data as a training set and the other 

half as a test set) was conducted to fit a tree with an optimal number of region splits.  

The outputs of all three models were used to predict the probability of hermatypic coral 

presence in every grid square. The resulting probabilities were interpreted to be the spatial extent of 

suitable habitat for hermatypic corals; where 0.99 would indicate ideal environmental conditions for 

a coral reef, and 0 would indicate an area with naturally inhospitable environmental conditions. 

Model predictions were compared to empirical data, and qualitatively assessed on ecological and 

oceanographic principles. In addition to qualitative validation, all model outputs were also validated 

using receiver-operating characteristics (ROC; Leathwick et al, 2006; Ficetola, 2007), and by deriving 
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the cumulative area under the curve (AUC); where an AUC of 1.0 would indicate a model that 

flawless fit the input the data, and an AUC of 0.50 would indicate model predictions that are no 

better than random chance. All cells within the study area, which achieved a predicted probability of 

≥ 0.50 for hermatypic coral presence, were used to calculate the spatial extent of suitable habitat for 

coral reefs. Since CRT predictions are binary, a cut off of p = 0.50 was chosen; which allowed for a 

more appropriate comparison of the CRT to the linear models. Calculations of the spatial extent 

were performed using NOAA’s ETOPO1 global relief model, which provided estimates of oceanic 

basin surface area. The outputs of the three models were combined, to yield a mean and standard 

deviation of the predicted spatial extent of tropical coral reef coverage. 

 

Results 
 

All terms within the GLM were observed to be significant at the α = 0.05 level (R² = 0.26; df = 

10,235); with null and residual deviances being calculated to be 14,195 and 10,465, respectively. 

Similar to the GLM, all of the smooth terms in the GAM were also observed to be significant at the α 

= 0.05 level (R² = 0.54; df = 10,231). Assessment of diagnostic plots for both the GLM and GAM 

indicated that residuals satisfied the assumption of normality, when modelled using a log link. 

Nevertheless, the GAM performed much better in this respect, when compared the GLM. In order to 

test if residuals may exhibit issues of spatial autocorrelation, a generalised least square component 

was further incorporated into the models, but it yielded no improvements in model fit. In regards to 

the CRT, cross-validation between the training and test sets resulted in a root-mean-squared error of 

1.37. The CRT, itself, consisted of 6 nodes with an associated mean deviance of 0.07.  

The multivariate effects of all three models were also investigated (Figure 2), which showed 

the niche of environmental conditions in which hermatypic corals are likely to be found (Figure 2 

(b)). In terms of probabilities being output from the models, large-scale geographic comparisons 

showed that predictions of all three models varied slightly. Yet, the spatial extents of all of the 
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models were largely in congruence (Figure 3). Model predictions were also observed to have a 

significant amount of spatial overlap with previous empirical observations of coral reefs (e.g. 

ReefBase, UNEP; Figure 4). Model validation using ROC showed that the CRT was the most precise in 

fitting the empirical observations of coral reefs, with an AUC of 0.96. In comparison, the GLM and 

GAM were observed to have AUC scores of 0.84 and 0.94. respectively (Figure 5). In terms of the 

predicted spatial extent of suitable habitat for hermatypic corals, all three models estimated a 

relatively similar area. Given a probability cut-off point of 0.5, the GLM and GAM predicted 

approximately 3.65% and 3.62% of the ocean to be suitable habitat, respectively. In turn, the CRT 

predicted suitable habitat to be 3.32%. From the combined results of the models, it was estimated 

that suitable habitat for hermatypic corals is approximately 12,766,179 ± 659,946 km2 of the world’s 

oceans.  

 

 Discussion 
 

Two broad approaches have previously been used to estimate the spatial extent of tropical 

coral reefs: calculating reef shelf area using predictive techniques (Milliman, 1974; Smith, 1978; 

Copper, 1994; Couce, et al., 2012) and direct calculation of reef area using nautical charts (Newell, 

1971; De Vooys, 1979). The present study aimed to create a model, which synthesized empirical 

data, to predict the spatial extent and distribution of tropical coral reefs; based on the fundamental 

niche of hermatypic corals. This fundamental niche was defined as a range of bathymetry, sea-

surface temperatures, salinity, and pH values which determines the presence and absence of coral 

reefs. Using a GLM, GAM and CRT, the probability of observing a tropical coral reef was predicted 

into 2,354,392 grid squares, which had an individual area of 20 km2. In general, it was observed that 

the spatial extent of tropical coral habitat predicted by all three models was in corroboration with 

previous remote sensing (NASA, 2007) and data compiling efforts (UNEP-WCMC, 2010; ReefBase, 

2016) (Figure 4). Using AUC values of ROC curves as a form of model validation, it was noted that all 
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of the models were performing favourably, with model predictions being significantly better than 

random chance. It was also noted that the CRT and GAM were more sensitive in error detection than 

the GLM. This is likely due to the flexibility of the smooth functions in the GAM, and the recursive 

partitioning incorporated in the CRT; that allowed a more accurate detection of false-positive and 

true-negative observations, which would have diminished the overall AUC score of the models. 

Nonetheless, since all AUC values exceeded the threshold for model rejection (AUC = 0.50), it was 

assumed that all model predictions accurately detected areas that are likely to exhibit an absence or 

presence of coral reefs.  

The outputs of these models are unique, as they can be used to explain why coral reefs are 

likely to be present in certain areas, and absent in others. For example, coastal areas of the Black Sea 

were observed to have suitable sea surface temperatures, pH, and bathymetry values for hermatypic 

coral presence. However, the low salinity in this region was observed to be responsible for the low 

predicted probability of coral reef presence. Similar observations were also made for the continental 

shelf off of the coast of Cameroon and Nigeria; as well as most of the continental shelf found in the 

Gulf of Mexico. Here, it was observed that areas with suitable pH, bathymetry, and sea surface 

temperatures exist. Yet, the suitability of the habitat was predicted to be relatively low due to the 

naturally brackish conditions. In terms of highly suitable habitat, it was observed that all three 

models favoured the coastline of Eritrea, Yemen, and western Saudi Arabia. Naturally arid 

conditions, combined with optimal depth, pH, and thermal conditions led to model predictions 

favouring this region. Interestingly, it was also observed that relatively sharp gradients in 

probabilities exist in the areas that are predicted to have coral reef presence; which supports 

Hughes et al. (2012) findings of complex latitudinal gradients in coral community composition, and 

Barkley et al. (2015) observations of coral community composition shifts across a natural pH 

gradient. It can be inferred that the gradients predicted by the models are a result of either the 

singular or combined effects of thermohaline circulation and topography, which influences habitat 

suitability by directly affecting the values of pH, salinity, sea-surface temperature, and bathymetry. 
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Remarkably, it was also noted that empirical observations of coral reefs were located in areas which 

had predicted low probabilities of coral reef presence (p ≤ 0.3). This is an important observation 

because it highlights the opportunistic nature of hermatypic corals, and the ability of certain species 

to survive in areas with relatively inhospitable environmental conditions (Macintyre & Pilkey, 1969; 

Spalding, et al., 2001).  

The outputs of the three models were also used to predict the spatial extent of suitable 

habitat for tropical coral reefs. It was observed that all three models predicted a relatively similar 

area, which was calculated to be approximately 3.53 ± 0.18% of the world’s oceans. The resulting 

estimate is slightly larger than previous approximations of the spatial extent of coral reefs (Newell, 

1971; Smith, 1978; Spalding & Grenfell, 1997; Milliman, 1974; Copper, 1994). The discrepancies in 

the estimated area are likely a result of using a probability cut off of 0.50. That is, it is an arbitrarily 

picked value, which governed the computer’s decision to either deem an area as suitable habitat or 

not. It was observed that if the cut off was set to a higher value, then the spatial extent of suitable 

habitat gradually diminished. Conversely, if the cut off was set to a smaller value, then the extent of 

suitable habitat increased. Though the models were relatively precise in predicting known tropical 

coral reef habitat, they also had their limitations. Namely, there is an unknown degree of error 

associated with the environmental parameter and empirical coral reef observation data sets; which 

could not be accounted for in the present study. Once more global data sets of environmental 

parameters become available, and the computational capacity of personal computers increases, 

then a more comprehensive model can be made. Ideally, this model should incorporate the four 

factors that compose the fundamental niche of hermatypic corals, as well as all of the factors that 

are known to affect the metabolism and survivorship of corals and zooxanthellae, such as: substrate 

availability (Bowden-Kerby, 2001), relative concentration of dissolved organic matter (Kleypas et al., 

1999), solar radiation (Jokiel & York, 1982), wave energy (Bradbury & Young, 1981), 

carbonate/aragonite saturation state (Kleypas et al., 1999), and other factors (Davis, 1977; Bak, 

1978; Dubinsky & Stambler, 1996; Fabricius, 2005; Meyer & Holland, 2008; Lough & van Oppen, 
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2009; Aeby et al., 2011; Aranda et al., 2011; Foster et al., 2011; Osborne et al., 2011; Aronson et al., 

2012). At that point, it would be wise to evaluate the trade-off between adding more explanatory 

variables to the model and losing model parsimony. In general, the spatial coverage of tropical coral 

reefs should be of interest in future studies. This is due to the fact that previous studies have 

reported results that are largely different from one another (Newell, 1971; Milliman, 1974; Smith, 

1978; Copper, 1994; Spalding & Grenfell, 1997), and the results of the present study have yielded 

estimates that are slightly more liberal than previous approximations (Goodman, et al., 2013).  
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Figures 
 

 

Figure 1: A visualization of how tropical coral reef presences and absences were determined. 
Pseudo-absences were generated on the basis of 40 – 200 km radial buffers, and were randomly 
distributed within them. 
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Figure 2: Marginal effects of the four environmental parameters, on the probability of observing a tropical coral reef. Panel A shows the effects, as they 
were observed in the generalized linear model (GLM), while Panel B shows the effects within the generalized additive model (GAM). Panel C shows the 
effects of the environmental parameters on the structure of the classification and regression tree (CRT). Dashed lines represent 95% confidence intervals. 
Tick marks along the secondary x-axis represent presence values, while tick marks along the x-axis represent pseudo-absences.  
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Figure 3: A visual comparison of the three model outputs. Panel A displays the predictions of the 
generalized linear model (GLM). Panel B shows the predictions of the generalized additive model 
(GAM), while Panel C shows the output of the classification and regression tree (CRT). CRT model 
outputs were binary; thus, coloration indicates presence, and no coloration indicates an absence of 
suitable habitat for tropical coral reefs. Model outputs are presented as Aitoff projections. 
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Figure 4: Locations of previous observations of coral reef presence, as they relate to the predicted 
areas of suitable habitat for tropical coral reefs. Panels A and B display the outputs of the 
generalized linear model in the Indian and Pacific Ocean, respectively. Model outputs are presented 
as Aitoff projections. 
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Figure 5: Receiver Operating Characteristic (ROC) curves of the three statistical models used to 
predict suitable habitat for hermatypic corals; which was used as a proxy for coral reef habitat. Panel 
A shows the ROC curve and associated AUC value of the generalized linear model (GLM). Panels B 
and C show the generalized additive model (GAM) and the classification and regression tree (CRT), 
respectively. 

 


