

  applsci-12-12955




applsci-12-12955







Appl. Sci. 2022, 12(24), 12955; doi:10.3390/app122412955




Article



Expediting the Search for Climate-Resilient Reef Corals in the Coral Triangle with Artificial Intelligence



Anderson B. Mayfield 1,2,*[image: Orcid], Alexandra C. Dempsey 3, Chii-Shiarng Chen 4,5,6 and Chiahsin Lin 4,5,6





1



Coral Reef Diagnostics, Miami, FL 33129, USA






2



International Coral Reef Society, Tavernier, FL 33070, USA






3



Khaled bin Sultan Living Oceans Foundation, Annapolis, MD 21403, USA






4



National Museum of Marine Biology and Aquarium, Checheng, Pingtung 944, Taiwan






5



Graduate Institute of Marine Biotechnology, National Dong-Hwa University, Checheng, Pingtung 944, Taiwan






6



Department of Marine Biotechnology and Resources, National Sun Yat-Sen University, Kaohsiung 804, Taiwan









*



Correspondence: anderson@coralreefdiagnostics.com; Tel.: +1-337-501-1976







Academic Editor: Atsushi Mase



Received: 21 November 2022 / Accepted: 13 December 2022 / Published: 16 December 2022



Abstract

:

Featured Application


We have developed a machine-learning approach for identifying climate-resilient corals in the Solomon Islands.




Abstract


Numerous physical, chemical, and biological factors influence coral resilience in situ, yet current models aimed at forecasting coral health in response to climate change and other stressors tend to focus on temperature and coral abundance alone. To develop more robust predictions of reef coral resilience to environmental change, we trained an artificial intelligence (AI) with seawater quality, benthic survey, and molecular biomarker data from the model coral Pocillopora acuta obtained during a research expedition to the Solomon Islands. This machine-learning (ML) approach resulted in neural network models with the capacity to robustly predict (R2 = ~0.85) a benchmark for coral stress susceptibility, the “coral health index,” from significantly cheaper, easier-to-measure environmental and ecological features alone. A GUI derived from an ML desirability analysis was established to expedite the search for other climate-resilient pocilloporids within this Coral Triangle nation, and the AI specifically predicts that resilient pocilloporids are likely to be found on deeper fringing fore reefs in the eastern, more sparsely populated region of this under-studied nation. Although small in geographic expanse, we nevertheless hope to promote this first attempt at building AI-driven predictive models of coral health that accommodate not only temperature and coral abundance, but also physiological data from the corals themselves.
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1. Introduction


Models seeking to predict the fates of coral reefs generally rely on temperature [1,2] and coral cover [3,4,5] alone. At most, coral diversity, algal cover, and fish biomass may also be included [6]. Although this simplistic approach underestimates the complexity of these fragile ecosystems, the fact that extended periods of abnormally high temperatures elicit bleaching in many, if not most, of the world’s corals [7] means that, at km to multi-km scales, models based on temperature alone, such as NOAA’s “Coral Reef Watch” [8], actually have quite high predictive power in terms of forecasting the onset of bleaching in certain areas. However, at smaller spatial scales (cm-km), more heterogeneity may be seen [9], particularly when markedly different reef assemblages exist within close proximity to one another. For instance, an acroporid-dominated reef would likely bleach before and/or more severely than a nearby reef dominated by massive corals [10], though the actual genera of the coral present are excluded from current predictive models. Furthermore, the physiological responses of individual coral colonies do not feature in current models of coral health and resilience. This is despite the fact that even clonemates in close proximity, and presumably exposed to similar seawater conditions, may show distinct responses to environmental change due to, for instance, differences in dinoflagellate communities within the host anthozoans’ tissues [11,12]. Microbial activity, host autofluorescence, and a diverse array of other physiological properties displayed by these multicompartmental holobionts can influence their capacity for acclimatization [13,14] and certainly must account for at least some of the variability in resilience observed during bleaching and disease surveys [15].



It follows, then, that environmental data (e.g., temperature), ecological data (i.e., benthic survey), and physiological data from the corals themselves could be used to devise superior models (vs. temperature alone) that would allow us to predict where resilient corals may be located (Figure 1), yet to date no such comprehensive model has been constructed. The current approach for doing so is generally post-hoc; resilient corals are found in situ during post-bleaching surveys or in the laboratory (inevitably entailing a large amount of research effort to deduce). Given that only a minuscule fraction of Earth’s coral reefs has been surveyed, these reactionary approaches for identifying resilient corals do not yield conservation-oriented data within a timeframe that is commensurate with the dramatic rate at which reefs are being lost. In other words, by the time we find the resilient reefs, many others will have perished. Could we expedite our search for resilient corals by leveraging the immense quantity of data the marine biology field has acquired over these past few decades? As a step towards this goal of “coral reef triage” [16,17], we explored herein a subset of environmental+ecological+coral physiological data collected during the Solomon Islands leg (Figure 2) of the world’s largest-ever coral reef survey, the Khaled bin Sultan Living Oceans Foundation’s (LOF) “Global Reef Expedition” (GRE; [18,19]). We hypothesized that we could probe this “molecules-to-satellites” dataset with an artificial intelligence (AI) developed in JMP® Pro (ver. 16-17; Cary, NC, USA) that would create machine learning (ML) and other predictive models for forecasting the locations and/or environmental conditions in which resilient corals will be found. This involved, for the first time ever, integrating seawater quality, satellite imagery, reef benthic survey, and physiological data (molecular biomarker-derived “stress tests”) from biopsies of the model reef coral Pocillopora acuta sampled from diverse habitats in this vastly under-studied Coral Triangle nation [20].




2. Materials and Methods


2.1. Overview of Approach


Although some general remarks on the reef survey data are made herein, we generally point readers to the field report [20], as well as a companion article [21], for this information. While the goal of our prior work with this dataset [21] was to develop predictive models of live coral cover (Figure 1-Step 1), there is actually no correlation between coral abundance and resilience [22]. A reef with 100% cover of a weedy species (e.g., Acropora sp.) is no more resilient to climate change than one with a low cover of a resilient one (Porites sp.). We aimed to exploit a diverse array of analytical approaches (Table 1, Tables S1 and S2 [Supplementary File S1]) to instead understand environmental influences on the health and resilience of a model coral, Pocillopora acuta, and develop more holistic predictive models of its resilience. This involved profiling the stress levels of colonies sampled across a diversity of environmental gradients within and among a subset of the study sites (Figure 1-Step 2). Rather than simply presenting a “current baseline” [23,24], we developed a large number of statistical models that sought to predict the environmental and benthic characteristics associated with the most resilient corals in the country. Upon validating these models by withholding data from the AI, we hypothesized that we could devise a robust ML algorithm that could identify locations in which high percentages of resilient corals would be found (Figure 1-Step 3). Not only would such a model be useful for managers looking to triage local conservation efforts, but it could also dramatically cheapen the resilient reef identification process since the response metric used as a proxy for coral resilience, the “coral health index” (CHI; described in detail below), would not need to be measured. Instead, cheaper, more easily obtained survey data could theoretically be used.




2.2. Field Surveys and Sampling


P. acuta colonies were sampled across a range of environmental gradients in the country as described previously [25]. Care was taken to ensure a 10-m separation among colonies to avoid sampling clonemates; however, given that the host genetic analyses [18] resolved species-level differences only, it cannot be ruled out that members of the same clone were sampled on the same reef site in certain instances. Corals were sampled between 5 and 30 m in the vicinity of the benthic surveys, which were undertaken as described previously [20], such that coral physiology could be related to both environmental and ecological characteristics. Please see a prior work [21] for details on these in-water SCUBA diver-based point-intercept transect surveys (merged with simultaneously obtained, diver-based photo-quadrat imagery data) at depths ranging from 5 to 30 m, as well as environmental data collection.



Fourteen environmental parameters were initially hypothesized to influence coral health: island (n = 10; see Figure 2), reef site (n = 69, of which corals were sampled from 33), latitude, longitude, sampling date (n = 19), sampling time (as either morning [<10:00], midday [10:00–14:00], or afternoon [>14:00] for certain analyses), temperature (°C), salinity, reef type (fringing, barrier, or patch reef), reef exposure (protected, intermediately exposed, or exposed), reef location (fore reef or lagoon), lagoon (inside vs. outside), reef emergence (emergent vs. submergent), and depth (m; as continuous or as four bins: <8 m, 8–12 m, 12–18 m, or 18–25 m). Fifty benthic survey categories were observed in the vicinity of the sampled corals (presented as % of total benthic cover): barren substrate (PB), invertebrates (PITS), six algal taxa, and 42 coral genera. See Supplementary File S2 (hereafter the “online supplemental data file” [OSDF]) for a complete list of all taxa, as well as additional abbreviations used in the manuscript’s figures and tables.




2.3. Coral Sample Analysis


RNAs, DNAs, and proteins were extracted from the small (50–100 mg) pocilloporid coral biopsies (n = 110) as in prior works [26,27,28]. It is worth emphasizing that a standard operating procedure was used for all LOF-GRE samples to improve data comparability across research missions. In addition to genotyping the dinoflagellate communities to genus-level and host corals to species-level from the co-extracted DNAs as in prior work [18], 13 additional response variables were measured for each colony: an in situ, qualitative coral health assessment based on pigmentation and disease presence (either “normal” or “abnormal”), maximum colony length (cm), surface area (cm2; via ImageJ analysis of underwater imagery), the Symbiodiniaceae genome copy proportion (GCP; a molecular proxy for dinoflagellate endosymbiont density [29]), the RNA/DNA ratio, and the expression of four Symbiodiniaceae and four host coral genes. The former included the large subunit of ribulose-1,5-bisphosphate carboxylase/oxygenase (rbcL), ubiquitin ligase (ubiq-lig), heat shock protein 90 (hsp90), and zinc-induced facilitator-like 1-like (zifl1l). The coral genes included green fluorescent protein (GFP)-like chromoprotein (gfp-cp), lectin, carbonic anhydrase (ca), and copper-zinc superoxide dismutase (cu-zn-sod); all eight mRNAs have been shown previously to be thermosensitive [30,31]. Since surface area inherently covaries with colony length, it was excluded from the analysis. The qualitative color health assessment data were recoded as 0 and −1 for normal and abnormal colonies, respectively, and these “qualitative color scores” were added to the standardized values of the Symbiodiniaceae GCP (the more quantitative measure of endosymbiont density) for those standardized values between −2 and 2 (the stress tolerance threshold; described below); standardized GCP values ≥2 were first converted to negative values as a penalty for aberrant behavior. In other words, the penalty-weighted and standardized Symbiodiniaceae GCP values were added to the qualitative color scores to create a new response metric called the “mean color score”. Higher values of this parameter were hypothesized to reflect healthier corals. In analyses that featured 12 physiological response variables (see table and figure captions for details.), these included the eight genes, mean color score, RNA/DNA ratio, colony length, and Symbiodiniaceae GCP.



In addition to the mean color score, three additional measures of aberrancy were derived. First, the “heat map score” [32] was calculated. This is simply the summed total of all response variables whose standardized levels fell below two standard deviations below the mean or above two standard deviations above the mean. The response variables included were the Symbiodiniaceae GCP, the RNA/DNA ratio, and the eight target genes. For instance, if a sample’s standardized values (i.e., z-scores) for these parameters were −2.5 (+1), −1.9 (0), −1 (0), 0 (0), 1 (0), 1.2 (0), 1.5 (0), 1.9 (0), 2.3 (+1), and 3 (+1), respectively, it would be given a heat map score of 3. Higher heat map scores are indicative of more stressed corals. To assess intrasample variability, the variability index [33] was calculated. This is simply the standard deviation calculated across the z-scores for the same 10 response variables used for the heat map score calculation, and high variability index scores are hypothesized to be evidence for the loss of control of homeostasis and therefore putative stress. To assess inter-sample aberrancy, the Mahalanobis distance was calculated across the same 10 response variables; as per the variability index, high values (i.e., significant deviation from normal behavior) were presumed to reflect the loss of control of homeostasis.



Since the mean color score scales positively with coral health, and the other three coral health metrics—the heat map score, variability index, and Mahalanobis distance—scale inversely, the z-scores of the latter three were multiplied by −1. These penalized z-scores were then averaged with the mean color score to generate the CHI. The CHI values were converted to cumulative probabilities (0–100%) and then multiplied by five such that values of 0–5 were generated, with 0 and 5 representing the most and least stressed corals, respectively (Figure 1). Further details on this benchmark can be found in another work [34]. For those analyses that featured 16 physiological response variables (see figure and table captions for details.), these included the 12 from the preceding paragraph with the addition of the heat map score, variability index, Mahalanobis distance, and CHI.




2.4. Data Analysis I-Multivariate Physiology


Two approaches were taken to model coral health data. First, a multivariate analysis was undertaken in which the 12–16 physiological response variables were analyzed in tandem as model Y’s. Multi-dimensional scaling (MDS), principal components analysis (PCA), and non-parametric multivariate ANOVA (NP-MANOVA) of each of the 14 environmental parameters were undertaken as described in a prior work [21], except that for the latter, loading scores (n = 4) from a factor analysis (84% of variation explained) were used as Y’s instead of MDS coordinates since we hypothesized that latent variables might explain a portion of the variation in the coral physiological response (α = 0.01). Partial least squares (PLS) was undertaken for each of the two model Y input types (16 physiological response variables and four factor loading scores). Four factorial combinations of the environmental parameters (first-, second-, and third-order factorials, plus a response surface), four factorial combinations of the 50 benthic categories, and four factorial combinations of all 64 environmental + ecological parameters were tested. Note that several of these analyses could not be performed on a computer with only 64 GB of RAM (see Table S1). The 15 factor loading scores from a factor analysis of the benthic data were also considered (all four X modeling schematics analyzed in isolation and with the 14 environmental parameters). In total, 20 PLS models were built for each of the two Y’s (5 groupings of X’s × 4 factorial combinations) for each of three validation types (n = 120 PLS models in total): kfold7, validation column (75% training and 25% validation), and validation with test samples (75, 15, and 10% for training, validation, and test samples, respectively).




2.5. Data Analysis II-CHI


In a simpler analysis (Table 1), the CHI alone was used as the model Y, with the same combinations of environmental and benthic parameters tested with predictor screening (first-order effects for the 14 environmental parameters alone, the 50 benthic categories alone, and all 64 parameters), model screening (first-order effects only for the 14 environmental parameters alone, the 50 benthic categories alone, and all 64 predictors), and PLS (first-, second-, and third-order factorials, as well as a response surface for the 14 environmental parameters; first-order, second-order, and response surface effects for the benthic predictors). The following 11 modeling types were included in the JMP Pro 16 model screen: ordinary least squares, stepwise regression, generalized regression (gen-reg), PLS (NIPALS), decision tree, bootstrap forest, boosted tree, k-nearest neighbors, support vector machines, neural network, and XGBoost. When the model with the highest validation R2 in the model screen was a neural network, a model-tuning GUI described previously [35] was used to generate an additional 1500–3000 models to attempt to boost the R2 by modifying a large number of input parameters (e.g., number of hidden layers). The a priori cutoff considered to be of sufficient predictive power for field coral health diagnostics was 0.80 (corresponding to an accuracy of 80%). For these models, the most important predictor was determined via dependent resampled inputs analysis. As discussed in detail below, the neural network GUIs were rerun post-hoc with a subset of the environmental predictors that would be most useful for planning future research projects.





3. Results and Discussion


3.1. Overview of the Research Cruise


The LOF science team focused its survey efforts on two major regions of the Solomon Islands archipelago: the more populated western half of the country and the sparsely populated islands of the country’s far east (Figure 2). Given the short-term (one-month) nature of the cruise, neither temperature (Figure 3a) nor salinity (Figure 3b) varied appreciably across the sites or over time (ranges of 28.9–30.9 °C and 34.0–34.8, respectively). Live coral cover (Figure 3c), which is described extensively in a sister article [21], averaged 35% across the 69 survey sites (of which reef corals were sampled from 33), even reaching 84% at one (see OSDF.). Algae was actually more common than coral, averaging 46 ± 19% (std. dev. for this and all other error terms unless noted otherwise). That being said, the mean coral/algae ratio was slightly above one (1.1 ± 1.2). Although it is tempting to link the higher coral cover (and lower algal cover) of the remote, eastern half of the country with its markedly lower number of human inhabitants (see OSDF for population and other demographic data.), we regrettably did not measure key parameters, such as nutrient levels, that could more directly attest to human impacts [36,37]. As mentioned in detail below in the context of the CHI predictive models, nutrient data, and additionally abundance of key coral food sources (e.g., zooplankton [38,39]) should certainly be incorporated, if at all possible, in future such AI modeling analyses of coral health.
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Figure 3. Spatial variation in seawater quality (a,b) and general benthic parameters (c,d). Values in (c,d) represent percentages (%) of total benthos. 
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3.2. Coral Physiological Data


From a PCA of 12 coral physiological response variables (Figure 4a), a two-dimensional ordination explained nearly 70% of the variation, and MDS (Figure 4b) revealed a strong outlier. Only island and site significantly affected the multivariate coral phenotype (Table 2), and the PLS models of multivariate coral physiology were generally not robust (Table S1). Even those with several thousand predictors (representing various interactions among the environmental and benthic parameters) could explain <60% of the variation in the coral phenotype. For this reason, we have generally focused the remainder of the article on attempting to instead predict a singular coral health metric: the CHI. Over 80,000 predictive models of the CHI were built, with the goal of ultimately using a series of cheaper, easier-to-measure environmental and/or ecological survey parameters to instead assess coral resilience. Reef site explained the highest percentage of spatio-temporal variation in the CHI (37%) of the initial 14 environmental parameters assessed (Figure 4c), with depth as the second most influential parameter.
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Table 2. Non-parametric multivariate ANOVA of the effects of the 14 environmental parameters on coral phenotype (as four-factor loading scores derived from a factor analysis of 16 coral physiological response variables). Statistically significant differences (α = 0.01) have been highlighted in bold.
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	Environmental Parameter
	n
	F
	p





	 Island
	10
	2.20
	<0.01a



	 Site
	33
	1.56
	<0.01



	 Latitude
	33
	0.98
	0.42



	 Longitude
	33
	3.24
	0.02



	 Survey date
	19
	1.69
	0.16



	 Survey time
	3
	0.78
	0.54



	 Survey depth
	4
	1.31
	0.21



	 Reef exposure
	3
	1.19
	0.31



	 Reef type
	3
	1.94
	0.06



	 Lagoon
	2
	2.36
	0.06



	 Reef emergence
	2
	0.46
	0.76



	 Reef location
	3
	1.85
	0.07



	 Temperature
	13
	0.63
	0.64



	 Salinity
	10
	0.99
	0.42







a Scales with the magnitude of longitudinal distance.













Of the large number of models featuring various combinations of the environmental and ecological parameters (Table 3 and Table S2), in virtually all cases the superior model type for robustly predicting a coral’s CHI was the machine-learning-based neural network. The most parsimonious neural network whose validation (or test) R2 was above the a priori cutoff of 0.8 featured only the 14 environmental parameters in a 1st-order factorial (Table 3 and Figure S1a; R2 = 0.83). The machine-learning-based desirability analysis associated with this model was programmed to output the environmental conditions that would yield the highest theoretical CHI (Figure S1b), and it projected that a relatively deep (28 m), protected, fringing fore reef would be characterized by corals with the highest CHI based on data held back from the model (i.e., validation column data). One other neural network with a single hidden layer (Table 3) was characterized by a higher R2 (0.86), yet it required more boosting (a type of ensemble modeling approach) and so was far more complex with only a modest increase in fit.
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Figure 4. Multivariate analysis of the coral physiological data and a predictor screen of the coral health index (CHI). Both principal components analysis (PCA; on correlations; [a]) and multi-dimensional scaling (MDS; on standardized data; [b]) were undertaken with the 12-physiological response variable coral dataset (n = 110 samples). The biplot rays in (a) are as follows: colony length (1), Symbiodiniaceae (Sym) rbcL (2), Sym zifl1l (3), host coral lectin (4), host coral ca (5), host coral gfp-cp (6), RNA/DNA ratio (7), mean coral color score (8), Sym hsp90 (9), host coral cu-zn-sod (10), Sym ubiq-lig (11), and Sym genome copy proportion (GCP; 12). The legend in (a) extends to (b). In the predictor screen of CHI (c), a bootstrap forest model with 100 random trees was used to estimate the contribution of each of the 14 environmental parameters to the CHI. 
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Upon adding in the 50 ecological parameters, R2 increased to 0.92 for the best neural network (Table 3 and Figure S2a). The 12 most influential model terms from a dependent resampled inputs algorithm are shown in Figure S2b, and the associated desirability analysis projected that a fore reef in the Reef Islands without the following coral genera would be associated with pocilloporids with the highest CHI: Symphyllia, Montastrea, Leptastrea, and Stylophora. In the case of the latter genus, this is unsurprising since Pocillopora spp. and Stylophora spp. are closely related and known to compete with one another [40]. However, three of the environmental parameters would likely not be of use to managers and future researchers: date (since future surveys would inherently occur on different dates), site (since the goal is to use the model to find other locations with resilient or highly stress-prone corals), and time of day (important for coral molecular physiology but the timescale is not commensurate with a resilience assessment). This is why the two aforementioned neural networks have been shown in Supplementary File S1 only.
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Table 3. Environmental and ecological (i.e., benthic) predictors of the coral health index (CHI; sinH-arcsineH [SHASH]-transformed). In all models, CHI was the Y, and first, second, and third-order factorial combinations of the 11–14 environmental parameters and/or 50 ecological predictors were considered. “ENV(14)” = those of Table 2. “ENV(11)” = the former 14 minus site, date, and time of day. The neural network (NN) GUI, models (n > 1500) were run with either one (“HL(1)”) or two (“HL(2)”) hidden layers (HL); with the former, up to 20 boosts were allowed (learning rate: 0.05–0.3). The number of activation nodes ranged from 0 to 4, the weight decay penalty was used, and up to 100 tours were considered. When test samples were used in addition to validation (Val) samples (Val w/test), the test R2 is shown in the “R2” column; all other values represent validation R2 (from 10–20% holdback [HB] or validation column [Val col]-based validation). Models with R2 < 0.8 are instead shown in Table S2. For the predictor screening analysis, the percent variation explained by the most important predictor has been shown in parentheses. Superscripts following text in the “X’s (#)” column correspond to factorial degree (i.e., first-order). NA = not applicable.
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	X’s (#)
	Validation Type
	Model Type
	R2
	Model Details
	Most Important

Predictor





	ENV(11) 1
	NA
	Predictor screen
	NA
	100 trees
	Site (45%)



	ENV(14) 1
	NA
	Predictor screen
	NA
	100 trees a
	Site (37%)



	ENV(14) 1
	Val w test
	NN GUI-HL(1)
	0.83
	TanH(1)-Linear(1)-Gaussian(3)-Boost(6) b
	Longitude



	ENV(14) 1
	20% HB
	NN GUI-HL(1)
	0.86
	TanH(3)-Linear(1)-Gaussian(1)-Boost(11) c
	Date



	ECO(50) 1
	NA
	Predictor screen
	NA
	100 trees
	Turf-sediment (19%)



	ENV(11)+ECO(50)
	10% HB
	NN GUI-HL(1)
	0.98
	HL1: TanH(4)-Linear(2)-Gaussian(3)-Boost(8) c,d,e
	Reef emergence



	ENV(14)+ECO(50)
	20% HB
	NN GUI-HL(1)
	0.92
	TanH(4)-Linear(1)-Boost(11) f
	Site







a See Figure 4c. b See Figure S1a. c Covariates transformed. d Robust fit. e See Python script in the online supplemental data file (OSDF; Supplementary File S2). f See Figure S2a.













We therefore re-ran the ML GUI with the resulting 11 environmental parameters as predictors, and, for those characterized by validation R2 > 0.8, we took the mean value of 9–20 additional simulations. Although several with R2 > 0.8 were uncovered, the means of the simulated runs fell below this value (Table S2). We then combined these 11 environmental parameters with the 50 benthic categories as predictors and re-ran the ML GUI with all 61 predictors. The mean of 20 simulations with a neural network featuring 10% holdback validation was associated with a validation R2 of 0.83 ± 0.13 (Table 3 and Figure 5). Note that the maximum R2 obtained across all simulations (0.98) is instead shown in Table 3. Of the 12 most influential model terms derived from the dependent resampled inputs analysis, several are the same as those of the environmental parameter-only neural network of Figure S1 and the environmental parameter (n = 14) + benthic data neural network of Figure S2. All predict that fore reefs in the eastern region of the country will be characterized by corals with the highest CHI, and both the models of Figure S2 and Figure 5 predict that pocilloporid corals with the highest theoretical CHI will be found in areas with low abundance of Millepora and Alveopora. Perhaps, like Stylophora (mentioned above), corals of these genera actively compete with P. acuta for space on the reef. Indeed, both fire coral and P. acuta occupy similar shallow reef areas in Southern Taiwan (authors’ observations).



The models of Figure S1 and Figure 5 also predict that more resilient corals will be found on submerged vs. emergent reefs; whether this is simply because emergent reefs are more likely to subject corals to stress-inducing periods of aerial exposure periodically remains to be determined. A scientist or conservation practitioner planning a trip to the country, and with limited time and a need for identifying climate-resilient pocilloporids, should therefore seek out deeper fringing submergent fore reefs in the eastern half of the country. In a companion work [21], the theoretical highest live coral cover was also predicted to occur on submerged fringing reefs, albeit at shallower depths (8–12 m). Although seemingly similar to those conditions projected herein for corals with the highest climate resilience, it is important to note that CHI vs. live coral cover, pocilloporid coral cover, and P. acuta cover were associated with R2 values of 0.01, 0.02, and 0.001, respectively (all correlations being slightly negative). Although this is not to say that climate-resilient corals may never be found on reefs with high coral abundance, pocilloporid cover is clearly not a useful predictor of this family’s climate resilience. In much of the Coral Triangle, P. acuta is more commonly found in more stagnant lagoonal environments [18] given its relatively more delicate branches than closely related congenerics (e.g., P. damicornis and P. verrucosa). The fact that more resilient genotypes of this species are predicted to be found on fringing fore reefs, then, was an unexpected finding and could be related to differences in water circulation, food supply, or other undocumented variables. It could also simply be that colonies of this species demonstrate higher resilience when not found in the vicinity of high densities of competitors.




3.3. Caveats and Future Work


It is important to note two caveats. First, the CHI was derived for a single pocilloporid coral species. Models will fundamentally differ for species with different environmental physiologies. Secondly, although the CHI was designed to accommodate a wealth of information on the biology of P. acuta [41,42,43,44], extensive model ground-truthing was not conducted due to the difficulty in accessing the study sites at multiple time points. Return trips, as well as continued engagement with our in-country colleagues and collaborators, will be critical for further model training and validation. For instance, during the warmest times of the year, we will advise these researchers to survey those sites with low predicted CHI values to ensure that the models are indeed accurate in situ using future data. If a bleaching event is expected based on seawater temperature trends, these models also provide managers and future researchers clues as to where to go to find resilient corals likely to survive such events [45]. Specifically, they would want to explore deeper areas (25–30 m) of fringing fore reefs in the country’s far east. The extent and magnitude (severity) of bleaching of corals of differing CHI values during marine heat waves could also be compared to levels projected by temperature-exclusive models, such as NOAA’s Coral Reef Watch, though it is important to note that the approach herein aims to make predictions at the colony-to-reef scale, while Coral Reef Watch predicts at a multi-km scale.



The ML models may have utility not only in bioprospecting for resilient corals [46,47,48,49] but also simply for estimating the CHI in areas currently under study. This is achieved by inserting data into the “simulator” (Figure 6). In the example presented in Figure 6, the depth was changed to 40 m, and the CHI subsequently rose from the mean of 2.5 to 2.7. This tool, which is freely accessible at coralreefdiagnostics.com/environmental-consultation-and-evaluation, could be useful for outputting the optimal environmental parameters [50] for the establishment of a new coral nursery in the Solomon Islands. However, it is important to note that, unless constraints are incorporated, particularly with respect to temperature, the ML-derived desirability analyses tethered to these models may inherently yield environmental conditions that may no longer exist. Even if, for instance, the “optimal temperature” is lower than what will be experienced by the corals in situ, perhaps other environmental properties, including many not measured herein (e.g., food supply [51] or nutrient levels), could be modulated in an effort to foster the resilience of farmed or out-planted corals.





4. Conclusions


Herein we devised a series of ML models known as neural networks to predict an expensive- and difficult-to-derive resilience metric, the CHI, from cheaper, easier-to-measure survey parameters. Although models featuring only very rudimentary environmental parameters that do not necessitate in-water surveys or SCUBA training (e.g., type of reef) failed to yield accuracies that were deemed high enough to have utility in environmental management and bioprospecting for resilient corals, neural networks featuring both environmental data and survey-derived benthic data were of sufficient predictive power to be useful in proactively identifying areas with high densities of climate-resilient P. acuta colonies. This first approach to integrating coral reef data across multiple scales of biological organization within an AI framework for the purpose of predicting shifts in coral health consequently shows promise, though it is important to emphasize that this article describes a single species in an isolated, poorly characterized region of the Coral Triangle. A concerted effort by coral scientists elsewhere (and with additional coral species) will be needed to grow this technological and computational capacity to where it can more robustly inform reef-scale decision making.
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Figure 1. A schematic of the approach. First (Step 1), the environmental and ecological (benthic) data (model X’s) were used to develop a predictive model for coral cover (model Y; discussed in a sister manuscript [21]). The coral physiological data were next used to calculate the “coral health index” (CHI; Step 2). Finally, the CHI data were co-analyzed with the environmental and ecological data to develop a model capable of predicting where resilient corals can be found through a machine-learning “desirability analysis” (Step 3). The relative scale of the CHI (0–5) has been shown as an inset to the right. 
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Figure 2. Map of the Solomon Islands with mean “coral health index” (CHI) scores plotted. The upper left, upper right, lower left, lower right, and center wedges of the pie graphs represent the variability index (VI), mean color score (MCS), Mahalanobis distance (MD), heat map score (HMS), and CHI, respectively (as depicted in the Malakobi pie graph). 
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Figure 5. A desirability analysis derived from a neural network for predicting the coral health index (CHI) from both 11 environmental (ENV) parameters and 50 benthic surveys (ECO) parameters. Since the neural network was so complex (TanH(4)-Linear(2)-Gaussian(3)-Boost(8) with covariates transformed [single hidden player]), the Python script needed to reproduce it is shown in the online supplemental data file with a crude, low-resolution approximation showing the underlying structure (Supplementary File 2). Ten percent of coral samples were randomly excluded from the model and then used as validation samples (validation R2 = 0.82 and mean absolute deviation = 0.33). The highest plotted values in each of the sub-panels represent the condition in which the CHI was maximized; only the 12 most influential predictors have been shown (based on a dependent resampled inputs algorithm), and they are presented in order of model influence, from most (top-left) to least (bottom-right) important. Note that the maximum CHI of 6.3 is technically beyond the highest value of this parameter (Figure 1). 
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Figure 6. JMP® Pro’s “simulator,” which allows users to input data from their study reefs and then calculate a theoretical coral health index (CHI) score. In this example, the depth was increased to 40 m, causing the predicted CHI value to increase from the local mean of 2.5 to 2.67. A manager in the Solomon Islands can modify the input parameters of reef areas of interest, and the AI will update the theoretical CHI accordingly. This GUI is hosted at https://coralreefdiagnostics.com/environmental-consultation-and-evaluation. 
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Table 1. Environmental (ENV) effects on coral physiology. For the multivariate analyses, either all coral physiological response variables (PRV) were considered (“16 PRV” or “12 PRV,” depending on the analysis) or the factor loading scores derived from a factor analysis of these PRV were analyzed (“4 PRV factors,” which explained 84% of the variation). In addition to all 50 benthic categories found in the vicinity of the sampled corals (“ECO”), the 15-factor loading scores from a factor analysis of the benthic data were also considered (“ECO(15)”). Those NIPALS (non-iterative partial least squares [PLS]) models whose PRESS was minimized with zero factors (i.e., no statistically meaningful conclusion) are instead found in Tables S1 and S2 (Supplementary File S1) for the multivariate and univariate (coral health index [CHI]) data, respectively. Superscripts following values in the “Model X’s” column denote the factorial degree (1st, 2nd, or 3rd). HB = holdback. HL = hidden layer. MDS = multi-dimensional scaling. NA = not applicable. NN = neural network. NP-MANOVA = non-parametric multivariate ANOVA. PCA = principal components analysis. RS = response surface. Val col = validation column. Val w/test = both validation and test data columns used for validation.
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CORAL PHYSIOLOGICAL DATASET EXPLORATION




	
PCA

	
12 PRV a

	
NA

	
NA

	
Figure 4a




	
MDS

	
12 PRV a
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NA

	
Figure 4b




	
Factor analysis

	
16 PRV

	
NA

	
NA

	
Not shown




	
ENVIRONMENTAL EFFECTS ON CORAL PHYSIOLOGY




	
NP-MANOVA

	
4 PRV factors

	
ENV 1

	
NA

	
Table 2




	
NIPALS

	
4 PRV factors

	
ENV 1, ENV 2, ENV 3, ENV-RS

	
Kfold7, val col, val w/test

	
Table S1
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Kfold7, val col, val w/test

	
Table S1
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Table S1
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16 PRV
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Table S1
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Table S1
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CHI
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Kfold7, val col, val w/test
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NN GUI-HL(1)

	
CHI
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Kfold7, val col, val w/test, 20% HB

	
Table 3 and Table S2
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CHI

	
ECO 1, ECO(15) 1

	
Kfold7, val col, val w/test, 20% HB

	
Table 3 and Table S2




	
NN GUI-HL(2)

	
CHI

	
ECO 1, ECO(15) 1

	
Kfold7, val col, val w/test

	
Table 3 and Table S2




	
NIPALS

	
CHI

	
ECO 1, ECO(15) 1

	
Kfold7, val col, val w/test

	
Table 3 and Table S2




	
ENVIRONMENTAL + ECOLOGICAL EFFECTS ON CORAL PHYSIOLOGY




	
Predictor screen

	
CHI

	
ENV 1 + ECO 1

	
Kfold7, val col, val w/test

	
Table 3 and Table S2




	
Model screen

	
CHI

	
ENV 1 + ECO 1

	
Kfold7, val col, val w/test

	
Table 3 and Table S2




	
NN GUI-HL(1)

	
CHI

	
ENV 1 + ECO 1

	
Kfold7, val col, val w/test

	
Table 3 and Table S2




	
NN GUI-HL(2)

	
CHI

	
ENV 1 + ECO 1

	
Kfold7, val col, val w/test

	
Table 3 and Table S2




	
NIPALS

	
CHI

	
ENV 1 + ECO 1

	
Kfold7, val col, val w/test

	
Table 3 and Table S2








a SinH-ArcsinH (SHASH)-transformed data.
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