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ABSTRACT 

Reef-building corals provide essential ecosystem services to people. Unfortunately, 

anthropogenic activities, such as overfishing, coastal pollution and global climate change 

threaten reef survival. Given recent declines in coral reefs, researchers need new tools to cheaply 

and quickly evaluate coral metabolic states to assess reef health and describe mechanisms linked 

to coral stress responses. This dissertation develops a broader understanding of coral-algal 

symbioses and holobiont response to disturbance events by applying metabolomic tools to corals. 

Metabolites are small compounds that are products and intermediates of cellular metabolism; as 

such they support individual physiology, reproduction, and survival. To assess the utility of 

metabolomics for reef corals, I developed a proton-nuclear magnetic resonance (1H-NMR) 

metabolomic approach that can reproducibly detect biologically relevant compounds and find 

significant differences among species. These data indicate 1H-NMR metabolomic techniques can 

profile coral metabolomes and provide an integrated picture of coral phenotypes in response to 

environmental change. Therefore, to explore shifts in coral metabolomes as a function of 

environmental stress, I exposed replicate colonies of Pocillopora damicornis to current and 

future temperature and pCO2 conditions for 1.5 months. I collected primary metabolite and lipid 

profiles using mass spectrometry (MS) to investigate shifts in cellular metabolism after 

prolonged exposure to treatment conditions. Metabolomes shift in response to treatments and 

therefore indicate corals alter metabolic pathways to maintain cellular homeostasis. However, 

not all corals respond equally to ecological disturbances and their response is dependent on the 

symbiosis between corals and Symbiodinium. To determine if coral associated Symbiodinium 

communities relate to metabolite composition, I collected 1H-NMR profiles and Symbiodinium 

community data from nine different coral species. These data indicate metabolite profiles 

correlate to symbiont composition and can predict different levels Symbiodinium diversity. 

Furthermore, Symbiodinium-metabolite correlation networks reveal functional variation in coral 

symbiont communities in hospite. Taken together, this dissertation illustrates the power, utility, 

and feasibility of implementing metabolomic tools to characterize coral metabolic status. 

Metabolomics can help describe mechanisms underlying changes in coral physiology, which can 

help ameliorate stress on reefs and identify the biological consequences of anthropogenic 

disturbances.  
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CHAPTER 1 

GENERAL INTRODUCTION  

 

The importance of coral reef ecosystems in times of environmental change 

Coral reefs are among the most biologically diverse and productive ecosystems in the 

world (Connell, 1978). Globally, they produce up to 700 x 1012 g c year-1 from gross carbon 

dioxide (CO2) fixation despite being surrounded by oligotrophic waters (Crossland et al., 1991). 

Reef productivity is underpinned by the symbiosis between corals and a unicellular 

dinoflagellate algal endosymbiont in the genus Symbiodinium. In return for protection from the 

environment and nitrogen resources, the algae symbiont photosynthetically fixes CO2 and 

translocate the organic compounds to the host, which uses them for nutrition and growth 

(Muscatine and Porter, 1977; Black and Burris, 1983; Muscatine and Hand, 1958).  

The nutritional exchange between corals and their algal partners allows for the formation 

of 3-dimensional biogenic structures that support essential ecosystem goods and services. 

Healthy coral reefs provide essential habitat for a diverse assemblage of fishes and invertebrates, 

which are important sources of protein in tropical coastal communities. Even though reefs cover 

a small portion of the world’s oceans (< 1%), they are home to one third of all oceans fishes. 

These ecosystems also play important roles in modulating biogeochemical cycles, such as the 

sulfur cycle, nitrogen fixation, CO2/calcium budget, and waste assimilation (Broadbent et al., 

2002; Raina et al., 2013; Moberg and Folke, 1999). Reef structural topography protects 

coastlines from wave energy, currents and erosion. The coastal protection reefs provide people is 

economically valued between $160 – 172,000 per km (Cesar, 2002). Furthermore, biota living on 

reefs are critical sources of bioactive compounds that have medical and pharmaceutical worth 

and provide raw materials (e.g., jewelry, agar, and manure) that support people’s livelihood 

(Moberg and Folke, 1999; Adey, 2000). Coral reefs attract eco-tourism, which provides jobs for 

local people and enhances their standard of living (Cesar, 2002). Finally, reefs are culturally 

important as they have recreational, religious and spiritual values that enrich the lives of local 

people. A recent valuation of these ecosystems estimates United States (US) coral reefs to be 

worth $33 billion dollars to the US economy (Bishop et al., 2011). 

Despite the clear significance of coral reefs, damaging anthropogenic activities are 

jeopardizing their long-term persistence. Locally, these practices are often physically destructive 
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(e.g. reef-trampling), unsustainable (e.g. over-fishing) and chemically harmful (e.g. chemical 

run-off; Cesar, 2002). Local threats to reefs are further compounded by environmental 

disturbances associated with global climate change (Hughes et al., 2003; Pandolfi et al., 2011). 

Elevations in CO2 have led to parallel increases in sea surface temperatures (SST) and ocean 

acidification (OA), both of which threaten the survival and growth of corals. Because reefs 

typically live close to their thermal maxima, even small increases in SST can lead to a break 

down in the relationship between corals and Symbiodinium (Coles and Brown, 2003). The 

decoupling of the algae or its pigments from the coral tissue results in a reduction of nutritional 

input to the host, a process often leading to coral mortality and vast changes in reef community 

structure. Additionally, increases in OA conditions are causing a decline in oceanic carbonate ion 

(CO3
-2) concentration. As [CO3

-2] drops in local regions, it becomes increasingly difficult for 

marine calcifiers, such as reef-building corals, to produce calcium carbonate (CaCO3) substrate 

(Kroeker et al., 2010; Doney et al., 2009; Hoegh-Guldberg et al., 2007). Lacking the capacity to 

readily lay down CaCO3, coral accretion may be outpaced by erosion, leading to drastic changes 

in reef structure and function over time (Silverman et al., 2009; Fabry and Seibel, 2008; Hoegh-

Guldberg et al., 2007). Combined, these two stressors are thought to be the leading cause of 

global coral reef decline (Pandolfi et al., 2011).  

 

Coral response to stress 

 Corals and reefs exhibit variation in their responses to ecological disturbances, where 

some individuals resist stress better than others (Hoegh-Guldberg and Salvat, 1995; Loya, 2001; 

Hughes et al., 2003). The differential capacity of reef-building corals response to stress depends 

on performance attributes of the coral and its diverse microbial community composition, which 

collectively comprises the coral holobiont (Ainsworth et al., 2010; Gates and Ainsworth, 2011). 

Patterns in coral mortality following disturbance events reflects physiological characteristics 

of “winning” and “losing” taxa (Table 1.1; Loya, 2001). For example, stress resistant coral 

species typically have mounding or encrusting colony morphologies, with slow growth rates and 

thick tissues containing high concentrations of photo-protective compounds. In contrast, 

susceptible coral species usually have branching morphologies, with fast growth rates and thin 

tissues (Gates and Edmunds, 1999; Loya, 2001; Coles and Brown, 2003). Individual survival is 

also dependent on previous experiences, where corals can acclimatize to ecological conditions by 
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inducing heat shock proteins, stress resistant enzymes, and fluorescent pigments that can 

dissipate excess energy without leading to cellular tissue degradation (Downs et al., 2000; Gates 

and Edmunds, 1999; Dove et al., 2001; Brown et al., 2002). Finally, coral species that readily 

acquire nutritional benefit through heterotrophic feeding are less likely to die following 

ecological disturbance events than their solely autotrophic counterparts (Grottoli et al., 2006; 

Hughes and Grottoli, 2013). 

Variation in coral performance is also related to the community composition of the 

coral’s algal endosymbionts. Symbiodinium is a diverse genus, consisting of nine distinct clades 

(A-I; Pochon and Gates, 2010), with many sub-clade types that differ in physiology and 

consequently function (Rowan et al., 1997; Rowan, 2004; Iglesias-Prieto et al., 2004). For 

example, clade C1 endosymbionts confer higher quantities of photosynthate to their Acropora 

millepora hosts in comparison to clade D Symbiodinium (Cantin et al., 2009), lowering overall 

metabolic costs, enhancing coral physiological tolerance, and colony growth (Abrego et al., 

2008; Little et al., 2004). Even though clade D symbionts confer reduced quantities of nutrients 

to their hosts, clade D protects corals from photo-damage allowing colonies to better withstand 

short elevations in sea surface temperatures (Berkelmans and Van Oppen, 2006; Rowan, 2004; 

Baker et al., 2004). The presence of clade A Symbiodinium is associated with compromised coral 

health and reduced photosynthetic input to the holobiont, suggesting corals with clade A are 

parasitized by their endosymbionts (Stat et al., 2008). Even within clade differences in 

Symbiodinium assemblages can influence coral health and susceptibility to stress. Corals that 

partner with C78 and C8/a are more thermal tolerant than individuals partnering with sub-clade 

types C79 and C35/a (Sampayo et al., 2007). Collectively, Symbiodinium functional data indicate 

that some clades are better contributors to coral health and others are more opportunistic and 

reduce overall coral fitness (Stat and Gates, 2011).  

 Individual coral colonies can also host multiple Symbiodinium clades and sub-clade 

types; however, the flexibility of these associations varies among species. For instance, some 

coral symbioses are highly specific, where specialists associate with a few symbionts that only 

occur in a few coral species (e.g., Porites spp. and Symbiodinium C15). In contrast, generalist 

corals host multiple Symbiodinium clades and types that are broadly distributed on reefs (e.g., 

Acropora and Pocillopora; Baker, 2003). Variation in partner flexibility impacts coral reef 

communities. For instance, corals partnering with many different symbionts are more susceptible 
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to ecological disturbances then their specialist counterparts (Putnam et al., 2012). Taken 

together, these studies suggest coral-Symbiodinium relationships are metabolically uneven across 

taxa and play significant roles in defining coral susceptibility to disturbance.  

 There are comparatively less data available investigating function of other microbial 

partners on reefs and their differential contribution towards coral health (Ainsworth et al., 2010). 

Bacteria, viruses, Archaea, and fungi commonly occur in high abundances within coral tissues 

and skeleton layers (Wegley et al., 2004). These communities are species specific (Rohwer et al., 

2002), stable among sampling locations  (Littman et al., 2009), but structured spatially within a 

colony (Koren and Rosenberg, 2006). Like Symbiodinium, microbial communities likely 

contribute to host metabolic pathways by altering cellular metabolism through chemical cycling 

(Dinsdale et al., 2008). Consequently, healthy prokaryotic communities can contribute to coral 

fitness and survival (Gilbert et al., 2012; Littman et al., 2009). However, these consortia, and 

therefore metabolic potential, shift in response to disturbance events, including bleaching 

(Bourne et al., 2008), disease outbreaks (Sunagawa et al., 2009) and proximity to human 

populations (Kelly et al., 2014). Mechanisms controlling community composition are unknown, 

but likely involve a combination of host-mediated establishment and subsequent microbial 

interactions (Ritchie, 2006). Consequently, proliferation of specific bacteria and virus 

communities compromise coral health (Rosenberg and Falkovitz, 2004). For instance, Vibrio 

spp. has been implicated in pathogen induced bleaching of Pocillopora damicornis and Oculina 

patagonica colonies. Vibrio is also implicated in Acropora white band and yellow blotch disease 

in the Caribbean (Rosenberg et al., 2007). These disease outbreaks are commonly associated 

with prolonged increases in seawater temperatures. Consequently, as the frequency and severity 

of global climate change increases, it is anticipated that bleaching and disease events will 

become increasingly prominent on reefs, leading to shifts in coral metabolism and declines in 

colony health. 

It is clear that some coral holobionts are better equipped to withstand stress than others, 

but the molecular mechanisms underpinning differential responses among taxa remain unclear. 

Given limitations in conservation resources, it is necessary to triage reef management strategies 

by identifying reefs and corals that should receive enhanced protection. Furthermore, it is 

important to identify traits that confer ecological resistance and resilience to facilitate adaptive 

management strategies. Consequently, there is a growing need to develop molecular level tools 
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that can assess shifts in coral health associated with disturbance events and help to describe 

variation in holobiont responses to stress. Applications of ‘omics’ techniques are enhancing these 

efforts by describing coral resistance, resilience, and function (Meyer and Weis, 2012). While 

there are challenges and limitations in interpreting these large datasets (Meyer and Weis, 2012), 

global analyses of genes (Shinzato et al., 2011), transcripts (Barshis et al., 2013), and proteins 

(Peng et al., 2011) are advancing our understanding of holobiont responses to ecological 

disturbances. However, these techniques are currently too expensive to apply in reef-wide 

monitoring programs. Consequently, there is still a need for cost-effective molecular tools that 

can be proactively used to assess coral metabolic states and variation in coral-Symbiodinium 

function. One underexplored avenue towards describing cellular pathways implemented in stress 

responses is to analyze changes in metabolite composition within corals.  

 

Coral metabolite composition may help describe individual stress responses 

Metabolites are small compounds (< 1500 Daltons) that are products and intermediates of 

metabolism. As such, they play essential roles in biochemical pathways that underlie individual 

growth, nutrition, reproduction and survival (Michal, 1999). The majority of metabolite research 

in reef-building corals has centered on describing select compounds from a few invertebrate-

Symbiodinium unions.  

In particular, the majority of metabolite research describes the nutritional relationships 

between corals and their algal partners (as reviewed by Yellowlees et al., 2008; Venn et al., 

2008; Gordon and Leggat, 2010). Bulk organic carbon produced by Symbiodinium and 

translocated to the host is primarily composed of glycerol with smaller quantities of glucose, 

amino acids, organic acids, and free fatty acids (Rahav et al., 1989; Muscatine and Cernichiari, 

1969; Whitehead and Douglas, 2003; Burriesci et al., 2012; Papina et al., 2003). These 

compounds support holobiont nutritional pathways by providing energetic resources needed for 

growth, respiration, reproduction, and calcification processes (Goreau et al., 1971; Muscatine 

and Cernichiari, 1969; Holt, 1968; Yellowlees et al., 2008; Davy et al., 2012). Translocated 

compounds are stored in lipid droplets and starch granules, which can be remobilized when 

nutritional demands are not being met. Furthermore, photosynthetic products are incorporated 

into sub-cellular compartments and used for coral growth and cell maintenance (Kopp et al. 

2015). However, it is clear that Symbiodinium partners are not equally beneficial to the host, as 
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varying symbionts translocate different amounts (Loram et al., 2007; Stat et al., 2008) and 

differnet types (Trench, 1971; Withers et al., 1982) of carbon compounds to the coral. In culture, 

different Symbiodinium clades produce different metabolites (Klueter et al., 2015), which may 

explain functional variation in nutritional benefit of symbiont partners in hospite. Finally, corals 

also influence photosynthate production and translocation by controlling the quantity of nitrogen 

resources to their symbionts (Trench, 1971; Gates et al., 1999, 1995; Sutton, 1990; Withers et 

al., 1998; Rees et al., 1993). 

 Lipids play a number of important physiological roles in all organisms and are heavily 

involved in cell structural maintenance, cell-to-cell signaling pathways, and energy storage (van 

Meer et al., 2008; Spector and Yorek, 1985). Specifically, these compounds provide corals with 

large stores of energetic compounds and support coral reproduction and growth (e.g. 

triglycerides, wax esters and sterols; Stimson, 1987; Patton et al., 1977). However, energy lipid 

reservoirs vary among species, Symbiodinium clades, and after exposure to thermal stress 

(Grottoli et al., 2004; Jones et al., 2008; Yamashiro et al., 2005; Kneeland et al., 2013), likely 

influencing the performance of corals during disturbance events. For instance, high 

concentrations of polyunsaturated fatty acids in Symbiodinium thylakoid membranes enhance the 

ability of the holobiont to block damaging effects of reactive oxygen species (Tchernov et al., 

2004). Increases in irradiance and temperature decrease the concentration of these compounds 

(Papina et al., 2007), leaving corals more vulnerable. Given that some species form flexible 

relationships with Symbiodinium, variation in lipid content may have drastic consequences 

during environmental disturbances (Cooper et al., 2011). 

In addition to metabolite transfer between symbionts and corals and the involvement of 

lipids in holobiont energetics, there are a number of other well-studied compounds that play 

important ecological roles in corals. For example, mycosporine-like amino acids (MAAs) protect 

corals from damaging ultra-violet radiation by absorbing high-energy light (Banaszak et al., 

2000; Banaszak et al., 2006). MAAs are diverse and vary across hosts, symbionts, and with 

exposure to irradiance (Shick and Dunlap, 2002; Dunlap and Shick, 1998). These compounds 

differentially impact the ability of corals to combat environmental stressors. Betaines help to 

maintain coral osmotic balance, stabilize cell structures and protect photosynthesis machinery 

from light damage (Yancey et al., 2010; Hill et al., 2010). Corals and their symbionts also 

produce dimethylsulphoniopropionate and its derivative, acrylate, which help to maintain 
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osmotic balance; they also induce antimicrobial activity and serve as an important link in the 

marine sulfur cycle (Tapiolas et al., 2010; Raina et al., 2013). Finally, reef-building corals 

produce steroids, which are hypothesized to be involved in bio-regulation and coral reproductive 

pathways. Specifically, estrogens, androgens, estrone, and estradiol have been linked to coral 

gametogenesis and spawning cycles (Tarrant et al., 2003, 1999). While this review is not 

exhaustive, it is clear that coral metabolites play a broad range of roles in maintaining coral 

health and symbiotic status. 

 Clearly, small compounds support coral fitness and survival, and in some cases are 

known to shift with ecological disturbance events and vary among coral-symbiont unions. 

However, metabolite characterization in reef building corals is far from comprehensive as 

research techniques have primarily focused on using radio and stable isotopic labels in 

conjunction with low-sensitivity metabolite detection techniques (e.g., thin layer 

chromatography; Muscatine and Hand, 1958). Given the link to variation in coral physiology 

performance and differences in metabolite composition among holobionts, it is surprising few 

research studies have focused on describing the molecular link between coral physiology and 

metabolite production. One way forward is to develop metabolomic, or metabolite profiling 

methods for reef-building corals. 

 

“Metabolomics as a way forward” 

A semi-comprehensive description of the field 

Metabolomics seeks to describe the presence and abundance of many metabolites 

simultaneously. This holistic approach employs nuclear magnetic resonance (NMR) and mass 

spectrometry (MS) techniques to measure variation in metabolite production (Bundy et al., 2009; 

Dunn and Ellis, 2005). As such, researchers use metabolomics to study a variety of questions 

across many disciplines, such as describing unknown gene functions (e.g., Fiehn et al., 2000), 

detecting shifts in human health (e.g., Nicholson et al., 2012; Chua et al., 2013; Mapstone et al., 

2014), characterizing microbial metabolism (e.g., Shankar et al., 2015; Werf et al., 2007), and 

measuringthe impacts of ecological stress on organism performance (e.g., Ellis et al., 2014; 

Viant et al., 2006). From 1998 to 2014, over 9000 studies applied metabolomic methods to 

investigate metabolite profiles across biological fields. The distribution of these studies across 

biological systems is unbalanced, which limits understanding of metabolic evolution. A Web of 
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Science literature search of metabolomics research papers illustrates the distribution of 

metabolite profiling efforts across phyla taxonomic divisions taxa (key words and results 

reported in Table S1.1). This analysis reveals a heavy focus on model organisms 

(www.nih.gov/science/models/), including humans and their mammalian analogs (Fig. 1.1).  

Given the importance and financial incentive of investigating human health, it is not 

surprising many research studies (> 3000) aim to uncover biomarkers characterizing human 

disease (e.g., Wikoff et al., 2009; Calvani et al., 2010). For example, using a lipid profiling 

approach, researchers identified a series of biochemical markers in blood plasma that accurately 

and non-invasively predicted the onset of Alzheimers (Mapstone et al., 2014). The “omics” 

revolution (e.g., genomics, transcriptomics, proteomics, metabolomics) is helping to improve 

disease diagnoses before physiological signs occur by developing suites of biomarkers that can 

be used in conjunction to understand shifts in human cell metabolic activity (Madsen et al., 

2010).  

Because bacteria and cell cultures are easily manipulated, they are commonly used to 

develop new metabolomic analytical approaches. For instance, bacterial cultures helped to 

develop single cell and stable isotope metabolite profiling techniques. These approaches enable 

detailed investigations into cell-biological variability and metabolic fluxes (Heinemann and 

Zenobi, 2011; Rubakhin et al., 2011; Mueller and Heinzle, 2013). Achieving full metabolome 

coverage is one of the central challenges in metabolomics (Villas-Bôas et al., 2005). Bacteria 

and cell cultures are the primary test subjects for ongoing development and implementation of 

analytical methods designed to measure all occurring metabolites (Werf et al., 2007; Maharjan 

and Ferenci, 2003). 

Plant systems are also commonly studied in metabolomic investigations. The initial 

characterization of Arabidopsis thaliana’s metabolome helped pave the way for most 

metabolomic studies by demonstrating the utility of metabolite profiling approaches (Fiehn et al., 

2000). Researchers use A. thaliana because of its rich functional genomic information, which 

facilitates interpretation of resulting metabolite profiles (Saito and Matsuda, 2010). Moreover, 

high plant chemical diversity (200,000 - 1,000,000 compounds) encourages in-depth studies 

describing primary and secondary metabolites from many different plant species (Saito and 

Matsuda, 2010; Dixon and Strack, 2003). In particular, metabolomics have reached the food 

production industry, where researchers evaluate the metabolic signatures of a wide range in 
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agricultural crops and products to describe food biochemical properties and nutrient content 

(Wishart, 2008).  

 Metabolic pathways are products of gene diversification and evolution, where primary 

and secondary metabolism supports organism physiology and enhances fitness (Michal, 1999; 

Luckner, 1984). Even closely related taxa have distinct metabolite profiles (e.g., Ivanišević et al., 

2010; Jensen et al., 2007; Osorio et al., 2012), suggesting metabolic diversity is a product of 

speciation and impacts function. However, despite chemical variation on the species level, 

researchers typically study metabolite production in only a few prominent model systems (Fig. 

1.2). Only 461 of the 9,215 studies reporting metabolomic findings from 2000 to 2014 used non-

model systems. These studies applied metabolite-profiling methods to taxa from eight of the 

thirteen major animal phyla, including two of the basal lineages (i.e., Cnidaria and Porifera). 

Lacking metabolic knowledge from taxa spanning all major phyla limits our ability to study 

evolutionary dynamics of metabolism, to detect new natural products, and enhance our 

understanding of ecological function of basal species.  

 

Metabolomics for Non-model Organisms, Challenges, and Opportunities 

There are many challenges associated with developing metabolomic tools for 

evolutionarily basal, non-model organisms. Method development consists of optimizing (1) 

metabolite extractions, (2) data acquisition methods, (3) profile analysis, and (4) metabolite 

identifications. While the first few steps take considerable time to develop, they are relatively 

straightforward. However, identifying metabolites from complex mixtures is more complicated 

for organisms lacking metabolite databases. Metabolomic studies using well-characterized taxa 

typically identify between 30-50 compounds in 1H-NMR profiles. In contrast, studies describing 

metabolite composition from non-model species will identify half as many compounds in the 

NMR spectra (e.g., refs in Table 1.2). Mass spectrometry approaches promise to help increase 

the sensitivity of metabolite identification (Lokhov and Archakov, 2009; Goulitquer et al., 2012; 

Putri et al., 2013), however lacking taxa-specific databases confines the ability to reliably 

identify novel small compounds without undergoing intensive and expensive elucidation steps.  

The biological systems with the most success in metabolomic research are also the best 

studied. For example, as the A. thaliania genome came online, researchers published the first 

metabolomic studies investigating functional annotations of unknown A. thaliania genes (Fiehn 
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et al., 2000), allowing both genomic and metabolomic fields to emerge and gain momentum. It is 

not surprising that metabolomics started with A. thalainia given its success and popularity as a 

model organism (Fig. 1.3; Somerville and Koornneef, 2002) 

Popularity drives biology: well-characterized systems are better poised to address major 

scientific questions because there are fewer technical obstacles in achieving desired results 

(Müller and Grossniklaus, 2010). However, emergent model systems can capture patterns in 

biodiversity, ecosystem function, and evolution that are otherwise missed by solely studying 

traditional biological models (Ellegren, 2013; Pavey et al., 2012). For example, declines in 

sequencing costs and an associated rise in the popularity of ‘next generation’ sequencing 

technologies (i.e., Roche 454, Illumina) has increased genomic studies of non-model systems 

(Ellegren, 2013). There are 2029 genomes published in Genbank (http://www.ncbi.nlm.nih.gov; 

accessed March 2015) spanning a broad range of taxonomic divisions. These genomic resources 

present new opportunities to describe complex patterns in molecular evolution, such as analyses 

of DNA recombination rates, natural selection, lineage-specific adaptations, and population 

connectivity and divergence (Ellegren, 2013). However, our capacity to annotate and assign gene 

function to new genomes limits our interpretation of genomic data (Pavey et al., 2012). Without 

species genome databases, there is a broader challenge towards understanding the biological 

implications of new genomic resources. One way to compensate for limited genomic information 

is to integrate functional genomic data using systems biology approaches. These methods have 

been successfully implemented in model systems by combining ‘omics’ platforms to reveal the 

function of unknown genes (e.g., Fiehn, 2001; Raamsdonk et al., 2001; Fallahi-sichani et al., 

2013; Williams et al., 2011). 

It is crucial to describe the evolution of metabolic pathways and investigate metabolite 

profiles of non-model systems. As metabolomic techniques become accessible for a diverse 

range of organisms, it will be important to consider the development of new models. Researchers 

should choose organisms with respect to their phylogenetic position, their ecological and societal 

importance, and their ability to inform biochemical diversity.  

 

The benefit of developing metabolomic techniques for reef corals  

Reef-building corals are ideal candidates for the development and application of 

metabolomics. Corals are (1) foundation species and therefore ecologically important, (2) sessile 
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organisms and therefore must regulate cellular metabolism in response to the environment, (3) 

basal taxa that inform the evolution of metabolic pathways, and (4) symbiotic organisms that 

form complex associations with microbes that present an intriguing venue for symbiosis 

research. In recent years, molecular understanding of reef corals has expanded. The Acropora 

millepora and Acropora digitifera genomes recently published and partially annotated (Shinzato 

et al., 2011). There is a large database describing coral associated Symbiodinium composition 

(https://sites.google.com/site/geosymbio/), transcript resources available for Pocillopora 

damicornis (http://cnidarians.bu.edu/PocilloporaBase), and a communal repository for coral 

DNA sequences (e.g., http://sequoia.ucmerced.edu/SymBioSys/). Furthermore, a number of 

studies use ‘omics’ level tools for global analyses of coral genes, transcripts and proteins (Meyer 

and Weis, 2012). The development of metabolomics for reef corals is the next logical step and 

will help to detect shifts in individual metabolism and generate new testable hypotheses 

describing coral biology. By developing metabolomic methods for reef corals, we will have the 

opportunity to both develop profiles that can detect stress on reefs and describe molecular 

mechanisms underpinning coral biology. 
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DISSERTATION GOALS AND ORGANIZATION 

Specific Goals 

 To apply metabolomic techniques for reef-building corals, my dissertation seeks to (1) 

develop reproducible 1H-NMR metabolite profiles that can detect biologically relevant 

differences in corals, (2) demonstrate the capacity of metabolomics in detecting changes in coral 

metabolites as a function of global climate change disturbance, and (3) examine the potential of 

metabolomics in describing functional variation of coral associated Symbiodinium communities. 

To meet these goals, my dissertation addresses the following questions:  

 

Q1: Are 1H-NMR metabolomic techniques reproducible within and between coral colonies? 

Q2: Can compound spikes be recovered at different concentrations from coral 1H-NMR 

metabolite profiles?  

Q3: Are 1H-NMR metabolite profiles different among coral taxa? 

Q4: Do elevated temperature and pCO2
 conditions induce shifts in coral metabolite profiles? 

Q5: Are coral associated Symbiodinium communities correlated to holobiont metabolite profiles? 

 

Organization  

 I address my specific research questions in chapters 2-4. Chapter 2 (Application of 1H-

NMR methods for reef-building corals) tackles Q1-3 to demonstrate the feasibility and utility of 

applying metabolomic methods in corals. Chapter 3 (Biochemical signatures of global climate 

change from a reef-building coral) addresses Q4 and uses mass spectrometry metabolomic 

techniques to detect shifts in coral metabolite composition in the context of global climate 

change. Chapter 4 (Symbiodinium-metabolite networks reveal functional roles of coral 

associated Symbiodinium community diversity) seeks to answer Q5 by drawing correlations 

between coral 1H-NMR metabolomic profiles and coral-associated Symbiodinium diversity. 

Chapter 1 provides a concise summary of published research and an examination of 

metabolomics in non-model systems. Finally, I summarize the important findings of my 

dissertation and offer broad conclusions and avenues for future advancements in Chapter 5. The 

common theme seeking to establish metabolomic techniques for corals link these chapters. 

Specifically, we show the reproducibility of metabolite profiling techniques and demonstrate the 

capacity of metabolomics in assessing molecular mechanisms underpinning coral biology. I have 
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formatted chapters 2-4 for specific peer-reviewed journals and all text are in consistent style for 

this document.  
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FIGURES 

Figure 1.1 Number of cumulative articles published each year for sub-fields of metabolomics 
based on Web of Science search results.  
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Figure 1.2 Distribution of metabolomic studies from web of science literature search across the 
major phyla. Model (black bars) and non-model (blue bars) species are indicated. The number 
following each bar represents the number of studies in each category. 
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Figure 1.3 The development and use of Arabidopsis thaliana as a model system modified from 
Somerville and Koornneff (2002)  
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TABLES 

Table 1.1. Physiological traits of “winners” and “losers” 
 

Winning Taxa Losing Taxa Reference 
Thick tissues Thin tissues Gates and Edmunds, 

1999 
Mounding or encrusting 

morphology 
Branching morphology Loya, 2001 

High concentrations of photo-
protective compounds 

Low concentrations of photo-
protective compounds 

Coles and Brown, 2003 

Slow growth Fast growth Gates and Edmunds, 
1999 

Stable symbiotic associations Flexible symbiotic associations Putnam et al., 2012 
Heterotopic plasticity Autotrophic Anthony and Fabricius, 

2000; Grottoli et al., 
2006 

i.e., Porites spp. i.e., Acropora spp.  
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Table 1.2 Examples demonstrating variation in the number of metabolites identified in each 
species from model and non-model systems 

Species Number of Identified 
Metabolites Reference 

Model Species   
Human Plasma 50 Slupsky et al., 2007 

Mouse urine 47 Shin et al., 2011 
Caenorhabditis elegans tissue 32 Geier et al., 2011 

Arabidopsis thaliana tissue 41 Gromova and Roby, 2010 

Yeast 32 Tredwell et al., 2011 

   
Non-model Species   

Common carp liver tissue 19 Lardon et al., 2013 
Blue crab tissues 18 Schock et al., 2010 
Earthworm tissue 15 Whitfield Aslund et al., 2011 
Soft coral tissue 7 He et al., 2014 

Vibrio  coralliilyticus 10 Boroujerdi et al., 2009 
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SUPPORTING INFORMATION 
 
Table S1.1 Web of science literature search key words and results. 

Description Terms Results 
   

Metabolomics TS=(metabolom*) 8810 
Broken down by sub-field 

Medicine TS=((metabolom*) AND TS= (medicine OR biomedical OR medical OR 
drug* OR patient OR clinical OR human* OR clinic* OR m*n)) 

5294 

Microbial TS=((metabolom*) AND (microbial OR microbiology OR 
microorganism* OR bacteria OR microbiome OR microbiology OR 
archaea) NOT (medicine OR biomedical OR clinical OR drug* OR 

patient* OR clinic* OR m*n)) 

520 

Plant and 
Agriculture 

TS=((metabolom*) AND (plant* OR agriculture OR food) NOT 
(medicine OR biomedical OR clinical OR drug* OR patient* OR clinic* 

OR m*n)) 

1172 

Ecology TS=((metabolom*) AND (environmental OR ecology) NOT  (medicine 
OR biomedical OR medical OR drug* OR patient OR clinical OR human* 

OR clinic* OR m*n) 

333 

Total Coverage 
of subfields 

TS= ((metabolom*) AND (medicine OR biomedical OR medical OR 
drug* OR patient OR clinical OR human* OR clinic* OR m*n OR 
environmental OR ecology OR plant* OR agriculture OR food OR 
microbial OR microbiology OR microorganism* OR bacteria OR 

microbiome OR microbiology OR archaea)) 

6893 
 

Refined total coverage of subfields by species 
Humans human* OR adult OR twin* OR infant* OR child* OR patient* OR 

Medicine OR biomedical OR Medical OR drug OR Clinic 
3740 

Bacteria and 
cell cultures 

cell culture* OR bacteri* OR coli OR microbe* OR microbial NOT 
human* NOT adult NOT twin* NOT infant* NOT child* NOT patient* 
NOT Medicine NOT biomedical NOT Medical NOT drug NOT Clinic 

1276 

Mouse mouse OR mice OR mus OR Rat OR rats OR rattus   NOT human* NOT 
adult NOT twin* NOT infant* NOT child* NOT patient* NOT Medicine 

NOT biomedical NOT Medical NOT drug NOT Clinic 

1378 

Fish Fish NOT 'fish oil'  NOT human* NOT adult NOT twin*  NOT human* 
NOT adult NOT twin* NOT infant* NOT child* NOT patient* NOT 

Medicine NOT biomedical NOT Medical NOT drug NOT Clinic 

53 

Earthworm Earthworm OR eisenia NOT human* NOT adult NOT twin* NOT infant* 
NOT child* NOT patient* NOT Medicine NOT biomedical NOT Medical 

NOT drug NOT Clinic 

28 

Mussel Mussel OR mytilus NOT human* NOT adult NOT twin* NOT infant* 
NOT m*n NOT wom*n NOT children NOT child NOT patient* 

32 

Plant plant OR agriculture NOT treatment plants  NOT human* NOT adult 
NOT twin* NOT infant* NOT child* NOT patient* NOT Medicine NOT 

biomedical NOT Medical NOT drug NOT Clinic  

1462 

Arabidopsis Sub-filtered plant category by: Arabidopsis 563 
Nematode C. elegans OR nematode  NOT human* NOT adult NOT twin* NOT 

infant* NOT child* NOT patient* NOT Medicine NOT biomedical NOT 
Medical NOT drug NOT Clinic 

48 

Yeast yeast OR cerevisiae  NOT human* NOT adult NOT twin* NOT infant* 
NOT child* NOT patient* NOT Medicine NOT biomedical NOT Medical 

NOT drug NOT Clinic 

343 

Clam Clam OR ruditapas  NOT human* NOT adult NOT twin* NOT infant* 
NOT child* NOT patient* NOT Medicine NOT biomedical NOT Medical 

NOT drug NOT Clinic 

19 

Fruit Fly Drosophila OR fruit fly OR fly NOT human* NOT adult NOT twin* NOT 41 
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infant* NOT child* NOT patient* NOT Medicine NOT biomedical NOT 
Medical NOT drug NOT Clinic 

Crab Crab OR carcinus   NOT human* NOT adult NOT twin* NOT infant* 
NOT child* NOT patient* NOT Medicine NOT biomedical NOT Medical 

NOT drug NOT Clinic 

4 

Malaria parasite Malaria OR plasmodium  NOT human* NOT adult NOT twin* NOT 
infant* NOT child* NOT patient* NOT Medicine NOT biomedical NOT 

Medical NOT drug NOT Clinic 

27 

Fungus Fungal OR fungus OR fung* NOT human* NOT adult NOT twin* NOT 
infant* NOT child* NOT patient* NOT Medicine NOT biomedical NOT 

Medical NOT drug NOT Clinic 

181 

Chicken Chicken OR Gallus  NOT human* NOT adult NOT twin* NOT infant* 
NOT child* NOT patient* NOT Medicine NOT biomedical NOT Medical 

NOT drug NOT Clinic 

17 

Cow Cow OR Bos  NOT human* NOT adult NOT twin* NOT infant* NOT 
child* NOT patient* NOT Medicine NOT biomedical NOT Medical NOT 

drug NOT Clinic 

37 

Archaea Archaea  NOT human* NOT adult NOT twin* NOT infant* NOT child* 
NOT patient* NOT Medicine NOT biomedical NOT Medical NOT drug 

NOT Clinic 

8 

Articles not 
categorized by 
above species 
delineations 

TS= ((metabolom*) NOT (urine OR human* OR adult OR twin* OR 
infant* OR child* OR patient* OR Medicine OR biomedical OR Medical 
OR drug OR Clinic OR cell culture* OR bacteri* OR coli OR microbe* 
OR microbial OR mouse OR mice OR mus OR Rat OR rats OR Rattus 

OR Fish OR Earthworm OR eisenia OR plant OR agriculture OR C. 
elegans OR nematode OR yeast OR cerevisiae OR Clam OR ruditapas OR 
Drosophila OR fruit fly OR fly OR Malaria OR plasmodium OR Fungal 

OR fungus OR fungi OR Chicken OR Gallus OR Cow OR Bos OR 
Archaea OR R package OR cancer OR diabetes OR mussel OR mytilus 

OR crab OR carcinus)) 

1378 

Manual Sorting of articles not categorized 
Other 743 
Crops 208 

Humans 131 
Plants 78 

Arabidopsis 10 
Bacteria and cell Cultures 37 

Pig 13 
Cyanobacteria 10 

Arabidopsis thaliana 10 
Algae 19 
Cows 7 

Fungus 6 
Non-model fish 5 
Livestock/food 5 

Insect 4 
Zebra fish 4 

Coral (soft and hard) 3 
Rabbit 3 
Deer 2 

Squirrels 2 
Copepod 2 

Daphina magna 2 
Horse 2 

Diatom 2 
Snail 2 
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Duck 2 
Rodents 1 

Dinoflagellate 1 
Sting ray 1 

Polycheate 1 
Leishmania spp. 1 

Elk 1 
Mink 1 

Flatworm 1 
Yeast 1 
Dog 1 

Sponge 1 
Nematode 1 

Goat 1 
Dolphin 1 
Plankton 1 
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ABSTRACT 

 In light of global reef decline new methods to accurately, cheaply, and quickly evaluate 

coral metabolic states are needed to assess reef health. Metabolomic profiling can describe the 

response of individuals to disturbance (i.e., shifts in environmental conditions) across biological 

models and is a powerful approach for characterizing and comparing coral metabolism. For the 

first time, we assess the utility of a proton-nuclear magnetic resonance spectroscopy (1H-NMR)-

based metabolomics approach in characterizing coral metabolite profiles by 1) investigating 

technical, intra-, and inter-sample variation, 2) evaluating the ability to recover targeted 

metabolite spikes, and 3) assessing the potential for this method to differentiate among coral 

species. Our results indicate 1H-NMR profiling of Porites compressa corals is highly 

reproducible and exhibits low levels of variability within and among colonies. The spiking 

experiments validate the sensitivity of our methods and showcase the capacity of orthogonal 

partial least squares discriminate analysis (OPLS-DA) to distinguish between profiles spiked 

with varying metabolite concentrations (0 mM, 0.1 mM, and 10 mM). Finally, 1H-NMR 

metabolomics coupled with OPLS-DA, revealed species-specific patterns in metabolite profiles 

among four reef-building corals (Pocillopora damicornis, Porites lobata, Montipora 

aequituberculata, and Seriatopora hystrix). Collectively, these data indicate that 1H-NMR 

metabolomic techniques can profile reef-building coral metabolomes and have the potential to 

provide an integrated picture of the coral phenotype in response to environmental change.  
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INTRODUCTION 

Coral reefs are among the most productive ecosystems in the world (Connell, 1978). 

Globally, they produce up to 700 x 1012 g C year-1 (Crossland et al., 1991) and provide important 

services (e.g., fisheries habitat, coastal protection, and promotion of tourism) that support 

tropical and subtropical coastal communities worldwide (Moberg and Folke, 1999). Despite the 

importance of coral reefs, damaging anthropogenic activities such as overfishing, pollution, and 

physical destruction jeopardize their long-term persistence (Jackson et al., 2001; Rogers, 1990; 

Sebens, 1994). Of particular concern are recent increases in sea surface temperatures and ocean 

acidification that are driving worldwide declines in coral reef ecosystems (Hoegh-Guldberg et al., 

2007; Pandolfi et al., 2011).  

Coral susceptibility to environmental stress varies within and among species (Carilli et al., 

2012; Guest et al., 2012). This feature reflects the combined physiology of a diverse assemblage 

of microorganisms and algal partners that comprise the coral holobiont (Rowan et al., 1997; 

Hoegh-Guldberg, 1999; Loya, 2001; Sampayo and Ridgway, 2008; Mieog et al., 2009). While 

research has focused on describing differential responses of corals and their partners to 

environmental stress (Hoegh-Guldberg, 1999; Loya, 2001; Gates and Edmunds, 1999; Coles and 

Brown, 2003; Shick and Dunlap, 2002; Fitt et al., 2009), the development of tools that can be 

broadly deployed and used to rapidly assess coral health trajectories is still in its infancy. 

Applications of ‘omics’ techniques are enhancing these efforts and are describing coral 

resistance, resilience, and function (Meyer and Weis, 2012). While there are challenges and 

limitations in interpreting these large datasets (Meyer and Weis, 2012), global analyses of genes 

(Shinzato et al., 2011), transcripts (Barshis et al., 2013), and proteins (Peng et al., 2011) are 

advancing our understanding of holobiont responses to ecological disturbances. However, these 

techniques are currently too expensive to apply in reef-wide monitoring programs. Consequently, 

there is still a need for cost-effective molecular tools that can be proactively used to assess coral 

metabolic states.  

Metabolites are small molecules that are products and intermediates of metabolism and 

play essential roles in biochemical pathways that underpin growth, nutrition, reproduction, and 

survival. As such, external disturbances can trigger responses in the metabolic processes of coral 

colonies leading to shifts in metabolite profiles. Despite their broad significance in maintaining 

basic biological functions, metabolite research is far from complete in reef corals. For instance, 
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select groups of compounds, such as sugars, lipids and mycosporine like amino acids have 

received considerable attention in the literature due to their biochemical roles in maintaining 

coral metabolism. However, other metabolites such as steroids, isoprenoids, alkaloids, and sulfur 

containing compounds, such as dimethylsulphoniopropionate and acrylate, are also critical for 

coral reproduction, growth, survival and maintenance of symbiotic status (Gordon and Leggat, 

2010; Tarrant et al., 2003; Tapiolas et al., 2010). A more comprehensive description of coral 

metabolite composition could further elucidate the role of metabolites and pinpoint metabolic 

pathways essential for coral resilience to environmental change, thereby providing a means to 

gauge coral biological performance. 

Advances in metabolomic technologies provide an opportunity to quantify many 

metabolites simultaneously. This holistic approach takes advantage of metabolite profiling 

methods using nuclear magnetic resonance (NMR) and/or mass spectrometry (MS) techniques to 

capture organism responses to external conditions. Changes in the metabolome typically reflect 

gene and protein expression (Hollywood et al., 2006). Thus, metabolomics can describe and 

integrate complex responses of organisms. These methods are applicable across scientific 

disciplines and can identify bioactive compounds, assess food safety, and describe the function 

of unknown genes (Dunn and Ellis, 2005; Field and Lake, 2011; Fiehn, 2001). Of particular 

interest to coral reef scientists is the capacity of metabolomic tools to identify metabolites and 

profiles that may serve as biomarkers for disease or stress response (Mapstone et al., 2014; 

Wang and Carolan, 2010; Bundy et al., 2009; Motti, 2012). These techniques have only recently 

been applied to corals (Dunn et al., 2012; Burriesci et al., 2012) and extensions of these methods 

may enable rapid and cost-effective assessment of coral metabolic states. 

Here, we demonstrate the application of metabolomic profiling in reef-building corals 

using proton-NMR (1H-NMR) spectroscopy. 1H-NMR metabolomic methods are tractable 

because they are relatively inexpensive (typically < $5/sample), reproducible, require minimal 

sample preparation, are non-destructive allowing for repeat analyses using various acquisition 

experiments, and can be used in a non-targeted approach to measure multiple metabolite classes 

in a single run (Bharti and Roy, 2012). Furthermore, 1H-NMR techniques have been used to 

quantitatively investigate the concentration of select metabolites in Acropora spp. corals (Raina 

et al., 2013). To determine the efficacy of profiling reef-building coral metabolomes using 1H-

NMR methods, we conducted three independent experiments to assess the variability, sensitivity, 
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and ecological relevance of our methods. First, we investigated variation in 1H-NMR profiles 

within and among multiple coral colonies. Then, we explored the sensitivity of our techniques by 

spiking samples with various concentrations of metabolites known to occur in reef-building 

corals. Finally, we compared metabolite profiles from four coral species to determine if our 

methods describe signatures inherent to taxonomic divisions. Our results collectively 

demonstrate that 1H-NMR techniques are a viable and powerful tool for assessing the 

metabolomes of reef-building corals.  

 

METHODS 

Corals sampled in Hawaii were collected under special activity permits issued by the 

Department of Land and Natural Resources (permit numbers 2011-1, 2012-63) to the Hawaii 

Institute of Marine Biology (HIMB). Corals in Taiwan were collected under a research permit 

issued to the National Museum for Marine Biology and Aquarium (NMMBA) from the Kenting 

National Park of Taiwan.  

 

Coral Sampling and Metabolite Extractions 

Technical, Intra-, and Inter-Colony Variability 

Reef-building coral samples were collected from a small area (ca. 135m2) of a fringing 

reef in Kaneohe Bay, Hawaii (21°25'58.28"N, 157°47'23.55"W) using bone cutters and 

immediately immersed in liquid nitrogen. Samples used to assess intra-colony and technical 

variation in metabolite profiles were collected in December 2011, while those used to assess 

inter-colony variability were sampled in June 2013. While coral metabolite content may change, 

variability measured in 1H-NMR profiles is still likely to be comparable within and among 

colonies through time. Following sample collection, coral fragments were lyophilized and stored 

at -80°C prior to metabolite extraction. To assess technical variation, three replicate fragments 

from separate colonies were collected, pooled, and pulverized. From these samples, 5 replicate 

extractions were preformed. Five fragments of a single Porites compressa colony, which is a 

dominant reef-building coral in Hawaii, and 5 from separate colonies were used to assess intra- 

and inter-colony variation in 1H-NMR profiles.  

Coral metabolite extracts were obtained following methods modified from Gordon et al. 

(Gordon et al., 2013) to allow for increased extraction times. Solvent choice will significantly 
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influence resulting 1H-NMR profiles and consequently the interpretation of an individual’s 

metabolome. While past studies have used methods combing polar and non-polar solvents to 

simultaneously extract hydrophilic and hydrophobic metabolites (Lin et al., 2007), the current 

application of a 70% methanol/water (v/v; 70% MeOH) solvent system was developed to capture 

a broad range of the coral’s metabolome without introducing added variation by minimizing 

extraction steps (Gordon et al., 2013).  

All P. compressa samples were extracted following extraction method 1. Only inter-

colony samples were re-extracted using method 2 to determine if variation in metabolite profiles 

differed between protocols used in the current study. 

 

Extraction Method 1 

1 mL of pre-cooled 70% MeOH was added for every 0.7 g of coral to assess technical, 

intra-, and inter-colony variability. All extracts were sonicated for 15 min and shaken for 24 h at 

4°C. To ensure samples were fully extracted, a second solvent volume was added to each coral 

fragment for an additional 24 h at 4°C. The two resulting extracts were combined and cellular 

debris removed by centrifugation (4000 rpm for 10 min at 4°C). The supernatant containing the 

extracted metabolites was removed from the pellet and concentrated using a speed-vacuum 

concentrator. Extract weights were obtained prior to data acquisition and used to normalize 1H-

NMR spectra. 

 

Extraction method 2 

Five inter-colony samples were also extracted by adding 2 mL of 70% MeOH (v/v) for 

every 0.1 g of coral. Extracts were sonicated for 15 min, mixed on ice for 45 min, and 

concentrated using a combination of rotary evaporation and lyophilization. Extract weights were 

obtained prior to data acquisition and used to normalize between 1H-NMR spectra. 

 

Spiking Experiment 

 Eighteen fragments from a P. compressa colony were collected from a small region (c.a. 

135 m2) of a fringing reef adjacent to HIMB in December 2011. Fragment volumes were 

assessed by displacement of deionized (DI) water, which was used to remove excess salt and to 

determine the amount of solvent to add to each nubbin during metabolite extraction. While the 
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addition of DI water may activate enzymatic pathways resulting in changes in metabolite 

composition, the identical treatment across all samples allows for comparison of coral 

metabolomes. Subsequently, fragments were immersed in liquid nitrogen to halt metabolism. To 

evaluate the capacity of 1H-NMR methods to identify differences in concentrations of coral 

metabolites, 1 M alanine, 1 M glycolic acid, and 1 M glucose were combined and diluted with DI 

water to prepare 0.1 mM and 10 mM metabolite cocktail spikes. Directly prior to metabolite 

extraction, 10 µL of the treatment and control (DI water only) cocktails were added to the 

surface of each whole coral nubbin (n = 6 / treatment). Five mL of 70% methanol was added to 

each fragment for every 1 mL of coral volume (v/v) and metabolites were extracted following 

method 2 described above.  

 

Species Comparison 

 Replicate fragments (n = 8-9) of Montipora aequituberculata, Pocillopora damicornis, 

Porites lobata, and Seriatopora hystrix were collected from Nanwan Bay, Taiwan (ca. 

21°56'31"N, 120°44'56"E) in the June of 2011 and transported to the National Museum for 

Marine Biology and Aquarium (NMMBA), Checheng, Taiwan. These coral species are dominant 

reef-building corals in Taiwan and represent ecologically distinct taxa (Loya, 2001) with varying 

morphological and physiological characteristics (Yost et al., 2013). Corals were re-fragmented 

and allowed to recover in a flow–through holding tank (environmental conditions reported Table 

2.1) for two weeks prior to sampling for metabolome analysis. Corals were briefly rinsed with DI 

water to remove excess salts, immediately immersed in liquid nitrogen, lyophilized, pulverized 

and transported on dry ice back to the HIMB where they were stored at -80°C. Metabolites were 

extracted following extraction method 2 described above.  

 

NMR Spectroscopy  

Coral extracts were reconstituted in 250 µL of deuterium oxide (D2O) containing 1 mM 

of 3-(trimethylsilyl)propionic acid sodium salt (TMSP-d4) to facilitate comparison of resulting 

profiles to metabolites in 1H-NMR databases. Extracts were briefly sonicated and transferred to a 

3 mm NMR tube. 1H-NMR profiles were obtained using a 500 MHz Varian Unity Inova 

spectrometer equipped with a 1M/x-broadband 3 mm probe. Spectra were acquired using a water 

suppression pulse sequence (PRESAT), consisting of 132 (extraction method 1) or 64 (extraction 
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method 2) transients of 32 K data-points with a relaxation delay of 1 s (extraction method 1) or 3 

s (extraction method 2) over a spectral window of 5500 Hz. Resulting spectra were zero-filled to 

64 K and multiplied by a line-broadening factor of 0.5 Hz prior to Fourier transformation. 

Spectra were imported in to MestreNova (Mestrelabs version 7.1.2), where spectral baselines 

were adjusted using Whittiker smoothing and normalized to the total area. Three alignments 

were created to compare 1H-NMR (1) profile variability, (2) spectra spiked with the metabolite 

cocktails, and (3) fingerprints among coral species. All alignments were reduced to ASCII files. 

Variables corresponding to the residual water impurity (4.48-4.92 ppm) and an observed acetone 

contaminant (2.22-2.27 ppm) were removed. Alignments were imported into Metabolink 

(http://metabolink.knoesis.org), where a dynamic adaptive binning routine was used to identify 

each peak as a separate variable (Anderson et al., 2010). For each alignment, bins were found 

between 0.5 to 10 ppm. R statistical environment (version 3.0.0, R Development Core Team 

2013, http//www.R-project.org) was used for all further analysis, including normalizing spectral 

intensities to extract weights for comparison across samples. 

 

Data Analysis 

Univariate Analyses 

 To investigate variability in 1H-NMR spectra, relative standard deviations (% RSD = 

mean / standard deviation X 100; reported as median % RSD) were calculated across variables 

for each group (Parsons et al., 2009). A Kruskal-Wallis analysis was applied to compare values 

among technical, intra-, and inter-colony spectra from Porites compressa. 

In the spiking experiment, Chenomx NMR Suite 7.6 (Chenomx, Inc., Edmonton, Alberta, 

Canada) was used to identify and quantify 1H-NMR signals resulting from the metabolite spikes. 

A Kruskal-Wallis test was used to statistically compared metabolite concentrations of alanine, 

glucose, and glycolic acid among treatment groups.  

 

Multivariate analysis 

  All variables from the three alignments were scaled to unity and mean centered prior to 

multivariate analysis. Both principal component analysis (PCA) and orthogonal partial least 

squares-discriminate analyses (OPLS-DA) were used to investigate patterns in variables arising 

from 1H-NMR spectra.  
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 PCA is an unsupervised pattern recognition tool that seeks to explain the maximum 

amount of variation inherent to a multi-dimensional dataset. As such, PCA was applied to 

investigate patterns between 1H-NMR profiles. Additionally, PCA was used to screen for 

outlying samples. If spectra fell outside a 99% confidence interval and upon further inspection it 

was determined that NMR shims influenced resulting peak shapes and line widths, spectra were 

excluded from subsequently analyses (e.g., Fig. S2.1).  

 OPLS-DA is a supervised pattern recognition technique that aims to find the maximum 

separation between a priori groups (Trygg and Wold, 2002; Bylesjö and Rantalainen, 2006). 

OPLS-DA was applied to discriminate between 1H-NMR profiles arising from (1) spiking 

treatments and (2) among coral species (for source code see http://birg.cs.cofc.edu/index.php/O-

PLS). Model strength was assessed using both R2 and Q2 metrics. R2 values report the total 

amount of variance explained by the model in both the 1H-NMR data (R2X) and independent 

variables (R2Y; e.g., spiking treatment or species identity). Q2 reports model accuracy and is 

calculated by 10-fold cross validation. The resulting Q2 statistic was compared to a null 

distribution to test model significance (p < 0.05). OPLS-DA is advantageous over analogous 

methods (e.g., partial least squares-discriminate analysis) because it looks to partition between-

group variation (t) in 1H-NMR profiles from within-group variation (t-orthogonal), which 

enhances the interpretability of the resulting model (Bylesjö and Rantalainen, 2006).  

 

Implementing the n-group OPLS-DA model 

OPLS-DA typically is employed to discriminate between two treatment groups (Bylesjö 

and Rantalainen, 2006). However, when there are more then three groups, the resulting model is 

influenced by group order. To facilitate comparing metabolite fingerprints among spiking 

treatments and reef-building corals, we developed an iterative strategy based on the magnitude of 

Q2 to determine group ordering in the model. The algorithm finds the maximum Q2 value 

between the two groups with the largest separation along the t-axis. Additional groups are 

inserted into the model based on the magnitude of Q2. The overall Q2 value is determined from 

model projections after allowing groups to cluster together based on profile similarities. This 

strategy allows the OPLS-DA model to dictate where added groups should reside with respect to 

those present. Furthermore, it provides information describing the similarity between groups 

(i.e., groups with similar profiles will have similar t values and be plotted closer together). 
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Finally, the OPLS-DA algorithm calculates coefficients describing the contribution of each 

variable to the model.  

 

Variable Selection and Metabolite Identification 

 To determine which variables drive separation in metabolite composition among coral 

species, variable coefficients from the OPLS-DA model were compared to their null 

distributions. Null distributions were calculated by refitting the OPLS-DA model to the data, in 

which each variable is independently and randomly permuted to remove correlation structure. 

The actual coefficients were compared to their null distributions and variables in the tails (α = 

0.01) were determined to significantly contribute to the model.  

 To facilitate identification of the metabolites driving separation between species, a 

statistical total correlation spectroscopy analysis (STOSCY) in the R package MUMA (Gaude et 

al., 2012) was used to determine strong correlations between 1H-NMR variables. Highly 

correlated variables (r2 > 0.9) were assumed to originate from the same compound (Cloarec et 

al., 2005). Metabolites were assigned by matching peak positions and patterns to Chenomx 500 

MHz spectral libraries.  

 

RESULTS 

Technical, Intra-, and Inter-Colony Variability 

Variability in Porites compressa 1H-NMR spectra was explored over 284 spectral bins 

(variables) describing metabolite profiles. PCA revealed close clustering of samples among 

technical and intra-colony replicates, while inter-colony samples were slightly more dispersed 

(Fig. 2.1A). A Kruskal-Wallis comparison of relative standard deviation (RSD) scores quantifies 

these visual patterns, where technical (median 14.2%) and intra-colony (15.2%) scores were not 

statistically different from one another, but both were significantly lower than inter-colony 

scores (p < 0.001, 35% and 38%; Fig. 2.1B). While the two extraction methods formed separate 

groups (Fig. 2.1A) in the PCA, RSD scores were not significantly different following the 

Kruskal-Wallis analysis (35% vs. 38%). Thus, while metabolite composition may vary between 

protocols, variability in 1H-NMR profiles is similar.  
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Spiking Experiment  

 1H-NMR profiles arising from the spiking experiment were binned into 208 variables. 

The resulting OPLS-DA model revealed clear separation of metabolite profiles (Fig. 2.2; Table 

2.2) among treatments (p < 0.01, R2X = 0.09, R2Y = 0.99, Q2 = 0.45). Of the three spiked 

compounds, alanine and glucose, but not glycolic acid, were successfully identified and 

quantified in control spectra. All three metabolites were detected in both the 0.1 mM and 10 mM 

spiking treatments (Fig. S2.2). However, when comparing mean concentrations across groups for 

alanine, glucose, and glycolic acid using a Kruskal-Wallis ANOVA, only the 10 mM treatment 

was significantly different from the control and 0.1 mM groups (p < 0.05; Table 2.3).  

 

Species Comparison 

Dynamic adaptive binning identified 152 variables describing 1H-NMR fingerprints 

arising from Montipora aequituberculata, Pocillopora damicornis, Porites lobata, and 

Seriatopora hystrix aligned spectra. The OPLS-DA model revealed clear significant 

discrimination between metabolite profiles originating from P. lobata and S. hystrix corals. 

However, OPLS-DA was unable to separate profiles from M. aequituberculata and P. 

damicornis (P < 0.01, R2X = 0.25, R2Y = 0.95, Q2 = 0.89; Fig. 2.3A; Table 2.2). Consequently, 

to determine if OPLS-DA could significantly discriminate between metabolite profiles from all 

coral species analyzed, all possible combinations were modeled (Fig. S2.3; Table S2.1). The 

OPLS-DA comparison of profiles from M. aequituberculata and P. damicornis revealed 

significant separation in metabolite profiles (p < 0.01, R2X = 0.25, R2Y = 0.79, Q2 = 0.75; Fig 

2.2B; Table 2.2).  

 From the OPLS-DA model comparing all 4 species, 35 bins were found to drive 

separation among coral profiles. STOCSY categorized these variables into 27 individual 

compounds (Table 2.4), of which only three (alanine, trigonelline, threonine, and/or lactate) were 

matched to Chenomx spectral libraries. The remaining unidentified compounds contain proton 

signals matching spectral locations of lipids, amino acids, organic acids, and carbohydrates. 
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DISCUSSION 
1H-NMR metabolomic profiling is reproducible  

1H-NMR metabolite profiles obtained from reef-building corals were highly reproducible. 

Intra-colony variation in 1H-NMR spectra from P. compressa was low and equal to that of 

technical replicates. As expected, variation in metabolite fingerprints is higher among different 

coral colonies. Together, these results indicate that while metabolite composition is relatively 

homogeneous within a coral colony, genotypic differences among colonies elevate variability in 

metabolite profiles. Notably, the variability in metabolite profiles described here are consistent 

with reports (Parsons et al., 2009) for fish, marine invertebrates, and mammals, where relative 

standard deviations (RSD) across 1H-NMR bins are lower across technical replicates (median 

RSD range 1.6-20.6%) and increase with biological replication (median RSD range 7.2-58.4%).  

 Low technical variability is a critical attribute for any method, including metabolite 

profiling, that is applied to uncover patterns associated with shifts in performance or metabolism 

in response to ecological drivers. High levels of variation cloud researchers’ ability to detect 

significant shifts in metabolic performance. Because 1H-NMR techniques tend to be highly 

reproducible (Ward et al., 2010), they have become popular in monitoring organism health in 

response to the environment. For instance, 1H-NMR methods have uncovered patterns in 

metabolite profiles across a range of organisms in response to pollution (Viant et al., 2006; Lin et 

al., 2009; Tuffnail et al., 2008), shifts in temperature regimes (Boroujerdi et al., 2009; 

Rosenblum et al., 2006) and increases in ocean acidification (Ellis et al., 2014; Hammer et al., 

2012). We add to this body of literature by demonstrating that 1H-NMR metabolite profiling 

methods are reproducible for reef-building corals, indicating that this approach is likely to have 

high value in monitoring metabolic state either in field or laboratory experiments.  

 

Complete profiles distinguish small differences in 1H-NMR profiles  

The OPLS-DA model discriminated between 1H-NMR spectra measured from the three 

spiking treatment groups (control, 0.1 mM and 10 mM), leading to significant separation in 

metabolite profiles (Fig. 2.2). However, after Chenomx identified and quantified signals from the 

spiking compounds (alanine, glucose, and glycolic acid), a Kruskal-Wallis test only detected 

significant differences in the 10 mM treatment group in comparison to the others (Table 2.3).  

These results suggest that detecting small differences in individual metabolite concentrations (i.e., 
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between the control and 0.1 mM treatments) may be constrained by dynamic signals within the 

coral metabolome or by background noise in 1H-NMR spectra. It is clear that the majority of the 
1H signals arising from alanine, glucose and glycolic acid fall in regions of high peak overlap in 

coral 1H-NMR spectra (Fig. S2.2). This limits the ability to detect small differences in metabolite 

concentrations. For instance, a recent targeted application of 1H-NMR spectroscopy detected 

significant differences in dimethylsulphoniopropionate and acrylate, both of which resonate in 

regions of low spectral complexity, as low as 1.4 nmol/mm2 between corals exposed to ambient 

and high temperature conditions (Raina et al., 2013). These compounds did not contribute to 

separation in metabolite profiles among spiking treatments or coral taxa investigated here, which 

is expected given that they naturally occur in similar concentrations across individuals (Tapiolas 

et al., 2013). While targeted studies using 1H-NMR techniques are informative towards 

describing and quantifying known metabolites, shifts in coral metabolomes may occur inside 

regions of high peak overlap. Furthermore, by comparing spectra with multivariate techniques, 

we can identify combined signals that better resolve differences in metabolite concentrations. 

Taken together, the current data suggest multivariate techniques enhance the capacity to identify 

small fluctuations in coral 1H-NMR profiles in comparison to univariate methods. Consequently, 

when using 1H-NMR techniques to investigate coral metabolomes analyzing complete spectra 

may be more informative than comparing changes in individual compounds.  
 

1H-NMR profiling methods can detect species-specific signatures 

Our 1H-NMR profiling approach and OPLS-DA indicate that different reef-building coral 

species have distinct metabolite profiles. While the separation in the OPLS-DA model suggests 

that spectra from Porites lobata and Seriatopora hystrix are very different, it has limited the 

capacity to discriminate between Pocillopora damicornis and Montipora aequituberculata 

profiles (Fig. 2.3A). However, OPLS-DA can discriminate between P. damicornis and M. 

aequituberculata when these two species are modeled independently of the others (Fig. 2.3B). 

These data suggest that there are distinct elements in coral metabolite profiles that are both 

similar between P. damicornis and M. aequituberculata, and that differentiate the four species.  

Using the variable selection algorithm and a STOCSY analysis (Cloarec et al., 2005), 27 

compounds from a broad range of metabolite classes including lipids, amino acids, organic acids, 

and carbohydrates contribute to the separation in coral metabolite profiles. However, of these 27 
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compounds, only a few were matched to Chenomx database entries and include trigonelline, 

alanine, several branch chained amino acids (e.g., valine, isoleucine and leucine), and organic 

acids (threonine or lactate). Our work highlights the challenges associated with metabolite 

identification using 1H-NMR metabolomics. NMR instrumentation is less sensitive than mass 

spectrometry. Overlapping signals, variation in sample pH, ionic strength, temperature and 

acquisition conditions can obscure accurate database assignments. Past studies have typically 

identified between 2 and 15 compounds that separate 1H-NMR profiles in non-model species 

such as Mytilus edulis or Carcinus maenas exposed to disturbance (e.g., copper exposure or 

ocean acidification; Tuffnail et al., 2008; Hammer et al., 2012). In contrast, 1H-NMR-based 

metabolomics have identified upwards of 30 metabolites driving differences in the metabolism of 

model organisms (e.g., impacts of Mycobacterium tuberculosis infections in mice; Shin et al., 

2011). Lack of taxa-specific metabolite databases reduces the capacity to identify small 

compounds in non-model species. To overcome these challenges, research is focused on 

developing analytical (e.g., cyroprobes, increases in magnet strength, 2D-NMR techniques; 

reviewed by (Grivet and Delort, 2009; Xi et al., 2008), bioinformatics (Zheng et al., 2011; Xia 

and Wishart, 2011; Martin-pastor, 2014; Jacob et al., 2013; Ludwig et al., 2011) and databases 

tools (Tulpan et al., 2011) to facilitate matching 1H-NMR profiles to known metabolites.  

Despite limitations associated with identifying metabolites in 1H-NMR spectra, the 

patterns in metabolite composition observed in coral profiles are intriguing. The four species 

investigated represent physiologically distinct taxa (Yost et al., 2013) that respond differently to 

environmental disturbances (Loya, 2001). 1H-NMR profiles are indicative of metabolite 

composition and consequently the activity of metabolic pathways. The observed variation among 

species rationalizes further exploration of the metabolome to describe differential responses of 

corals to the environment and anthropogenic stress.  

 

CONCLUSIONS  

Our results illustrate the capacity of 1H-NMR metabolomics to describe, compare and 

assess coral metabolomes. Future application of these methods, coupled with rigorous ecological 

monitoring (Hines et al., 2007), may enable researchers to document shifts in metabolite 

composition across time and environmental conditions. As global climate change and other local 

stressors continue to threaten reefs, 1H-NMR tools may aid researchers in the rapid assessment of 
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coral reef metabolic states.  
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FIGURES 
 
Figure 2.1. 1H-NMR profiles of Porites compressa are reproducible within and between 
coral colonies. (A) PCA comparing Porites compressa 1H-NMR metabolite profiles between 
technical, intra-colony and inter-colony samples. Profiles from inter-colony P. compressa 
samples were obtained using two extraction methods: method 1 and method 2 (B) Boxplots of 
percent relative standard deviation (% RSD) scores across 1H-NMR variables comparing 
technical, intra- and inter-colony variability. The median is indicated (black bar) along with the 
quartile ranges and outlying values (open circles). Letters denote Kruskal-Wallis test results (p< 
0.001). Groups connected by the same letter are not significantly different.  
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Figure 2.2. Separation in metabolite profiles after experimental addition of alanine, 
glucose, and glycolic acid. (A) OPLS-DA model comparing the control, 0.1 mM, and 10 mM 
metabolite spiking treatments. Separation within and between treatments is represented by the t-
orthogonal- and t-axis, respectively. Model statistics are reported (Table 2.2). (B) Corresponding 
loading plot showing 1H-NMR bin coefficients. Bins arising from each spiking compound are 
indicated. Ala = alanine, Glu = glucose, Gly = glycolic acid 
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Figure 2.3. Reef-building corals have species-specific 1H-NMR profiles. OPLS-DA models 
comparing 1H-NMR profiles from (A) Montipora aequituberculata, Pocillopora damicornis, 
Porites lobata and Seriatopora hystrix and (B) between M. aequituberculata and P. damicornis 
only. Separation within and between species is represented by the t-orthogonal- and t-axis, 
respectively. Model statistics are reported (Table 2.2). (C and D) Corresponding loading plots 
showing 1H-NMR-bin coefficients. Variables driving separation in the 4-species OPLS-DA 
model (A) are identified with numbers corresponding to unknowns (Table 2.4). Only significant 
variables are indicated for each model. Ala = Alanine, Trig = Trigonelline, Thre/Lac = 
Threonine/Lactate 
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TABLES 

Table 2.1. Flow-through tank conditions prior to sampling of reef-corals at the National 
Museum for Marine Biology and Aquarium.  

Parameter Mean ± SE 
  

Temperature 27.6 ± 0.03 °C 

Salinity 33.8 ± 0.02 ppt 

Light 107 ± 3.85 µmol photon 

*Measurements span the 2-week acclimation period in July 2011 
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Table 2.2. OPLS-DA Model Results  

Model R2X* R2Y* Q2* p-value 

Spiking Experiment 0.09 0.99 0.48 <0.01 

Species Comparison- All Species 0.25 0.95 0.89 <0.01 

M. aequituberculata and P. damicornis 0.25 0.80 0.66 <0.01 

*R2X and R2Y represent the goodness of fit between the X (metabolite data) and Y (predictor 
values) matrices. Q2 assesses the accuracy and predictability of the model. A Q2 value close to 
1.0 represents a more predictive model.  
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Table 2.3. Kruskal-Wallis test results comparing spiking treatments 

Metabolite Treatment Mean ± SE 
(mM g-1 extract weight) Chi-Square p-value Kruskal-Wallis 

Groupings 
Alanine Control 6.61 ± 3.20 11.415 0.0033 b 

 0. mM 5.12 ± 1.09   b 

 10 mM 145.83 ± 37.77   a 
Glucose Control 9.51 ± 4.54 11.368 0.0038 b 

 0. mM 3.54 ± 0.45   b 
 10 mM 87.79 ± 22.12   a 

Glycolate Control ND* 15.725 0.00038 ND 
 0.1 mM 3.12 ± 1.45   b 
 10 mM 80.09 ± 27.66   a 

*ND= Not Detected 
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Table 2.4. Variables driving separation in metabolite fingerprints among coral species 
Bin 

Center 
Peak 

Pattern* Annotation Compound Class 

0.938 m Unknown 1 Branch-chained amino acids 

0.983 m   

1.011 m   

1.090 m Unknown 2 Branch-chained amino acids 

1.306  Unknown 3 Aliphatic 

1.327 d Threonine / Lactate Organic Acid 

1.337    

1.390 m Unknown 4 Lipid 

1.454 d Alanine  

1.496    
1.740 m Unknown 5 Aliphatic 
2.031 m Unknown 6 Aliphatic 

2.051 m Unknown 7 Aliphatic 

2.072    

2.086    

2.670 m Unknown 8 Aliphatic 

2.707 t Unknown 9 Aliphatic 

2.779 s Unknown 10 Aliphatic 

2.870 m Unknown 11 Aliphatic 

2.986 s Unknown 12 Aliphatic 

3.031 m Unknown 13 Aliphatic 

3.046 m Unknown 14 Aliphatic 

3.160 s Unknown 15 Aliphatic 

3.380 m Unknown 16 Carbohydrates 

3.555 m Unknown 17 Carbohydrates 

3.566 m Unknown 18 Carbohydrates 

3.583 m Unknown 19 Carbohydrates 

3.649 s Unknown 20 Carbohydrates 

3.985 m Unknown 21 Carbohydrates 

4.031 s Unknown 22 Carbohydrates 

4.321 m Unknown 23 Carbohydrates 

5.152 d Unknown 24 Carbohydrates 

4.446 s Trigonelline  

8.842 m   
9.135 m   

 *Peak patterns: s-singlet, d-doublet, m-multiplet  
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SUPPORTING INFORMATION  
 
Figure S2.1. PCA identifies two outlying metabolite profiles when comparing spectra 
between reef-building coral species. PCA comparing metabolite profiles between Montipora 
aequituberculata, Pocillopora damicornis, Porites. lobata and Seriatopora hystrix (A) with and 
(B) without outlying samples. Ellipse represents a 99% confidence interval.  
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Figure S2.2. Complex profiles result in high signal overlap. Expanded regions of 1H-NMR 
spectra showing the location of 1H-resonances for alanine, glucose, and glycolic acid.  
Turquoise = control, pink= 0.1 mM, dark blue = 10 mM 
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Figure S2.3. All possible OPLS-DA models demonstrate reef-building corals have species-
specific 1H-NMR profiles. (A) 4-species model, (B-E) 3-species models, and (F-K) pair-wise 
species comparisons of metabolite profiles from Montipora aequituberculata, Pocillopora 
damicornis, Porites lobata and Seriatopora hystrix. Model statistics are reported (Table S2.1). 
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Table S2.1. All possible OPLS-DA models comparing reef coral 1H-NMR profiles.  
Model 
Letter* Model R2X** R2Y** Q2** P-Value 

A All Species 0.25 0.25 0.88 < 0.01 

B P .lobata, P. damicornis,  
M. aequituberculata 0.36 0.36 0.81 < 0.01 

C P. lobata, P. damicornis, S. hystrix 0.31 0.31 0.90 < 0.01 

D P. damicornis, M. aequituberculata,  
S. hystrix 0.16 0.16 0.78 < 0.01 

E P. lobata, M. aequituberculata,  
S. hystrix 0.32 0.32 0.87 < 0.01 

F P. lobata, P. damicornis 0.43 0.90 0.84 < 0.01 
G P. lobata, M. aequituberculata 0.45 0.93 0.81 < 0.01 
H P. lobata, S. hystrix 0.43 0.94 0.91 < 0.01 
I P. damicornis, M. aequituberculata 0.25 0.80 0.66 < 0.01 
J P. damicornis, S. hystrix 0.24 0.90 0.86 < 0.01 
K S. hystrix, M. aequituberculata 0.27 0.92 0.84 < 0.01 

*Model letters correspond to panels in Fig S2.1 
**R2X and R2Y represent the goodness of fit between the X (metabolite data) and Y (predictor 
values) matrices. Q2 assesses the accuracy and predictability of the model. A Q2 value close to 
1.0 represents a more predictive model 
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ABSTRACT 

 As a changing climate threatens the persistence of terrestrial and marine ecosystems by 

altering community composition and function (Walther et al., 2002), differential performance of 

taxa highlights the need for predictive metrics and mechanistic understanding of the factors 

underlying positive performance, or homeostatsis, in the face of environmental disturbances. 

Biochemical reactions within cells provide a snapshot of molecular regulation and flexibility 

during exposure to ecological stress (Bundy et al., 2009), however, the organism is the unit of 

selection. Thus, there is a need for the integration of both metabolite data with organism 

physiology.  We applied a non-targeted metabolomic approach to describe lipid and primary 

metabolite composition after exposure to ambient and elevated experimental climate change 

conditions in a reef-building coral, an essential structural component of the coral reef ecosystem. 

We compared these metabolite data to whole organism physiology, specifically the key 

processes of photosynthesis, respiration, and calcification. Corals significantly alter their lipid 

and primary metabolite profiles in response to experimental treatments. Primary metabolite 

profiles predicted organism net photosynthesis, but not calcification or respiration measures. 

Despite challenges in metabolome annotation (Saito and Matsuda, 2010; Bowen and Northen, 

2010), our data indicate corals alter carbohydrate composition, cell structural lipids and signaling 

compounds, which are stress responses conserved across many taxonomic divisions.  The 

integration of metabolite and physiological data capture the predictive capacity of metabolomics 

for aspects of coral performance. We present a multivariate biomarker approach to assess climate 

change and advance our mechanistic understanding of stress response in this keystone organism. 
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INTRODUCTION 

 Changing climate, driven by increases in anthropogenic green house gas emissions, alters 

the trajectory of ocean ecosystems (Doney et al., 2009, 2012). For instance, chronic exposure to 

ocean acidification and elevated sea-surface temperatures negatively impacts reproduction, 

calcification, growth, and survival of marine organisms (Kroeker et al., 2010). These stressors 

pose a significant and imminent threat to corals (Doney et al., 2012; Pandolfi et al., 2011), which 

form the structural foundation of tropical reefs. Combined increases in temperature and ocean 

acidification cause community shifts propelled by declines in coral growth and increases in coral 

mortality (Hughes et al., 2007). Over the past several decades coral cover has decreased by 

approximately 1% per year in some regions (De’ath et al., 2012; Bruno and Selig, 2007; Gardner 

et al., 2003), resulting in a loss of reef topography and consequently important services reefs 

provide people (Hoegh-Guldberg et al., 2007; Moberg and Folke, 1999). Without drastic changes 

from global governments, these stressors will only become worse as anthropogenic activities 

continue to alter ocean environments.  

 Given financial and personal resources are limiting, it is necessary to triage reef 

management by identifying corals and regions that should receive enhanced protection. In 

addition, natural resource managers need adaptive solutions to better conserve coral reef 

ecosystems and mitigate biological impacts of disturbance events (Anthony et al., 2015). 

However, classic monitoring methods using estimates of mortality and morbidity fail to capture 

dynamic responses of corals prior to degradation. While simulated short and long-term climate 

change stressors clearly alter coral physiology (e.g., Jokiel & Coles, 1990; Reynolds et al., 2003; 

Anthony et al., 2008; Fitt et al., 2009), these measurements are destructive and do not allow for 

early management action. Thus, the development of new, non-invasive tools that can identify 

biomarkers sensitive to disturbance would aid monitoring approaches (Downs et al., 2005, 2012; 

Traylor-Knowles and Palumbi, 2014).   

One tactic is to investigate molecular markers of global climate change stress. All 

organisms, including reef-building corals interact with their environment by shifting gene and 

protein expression patterns (Kültz, 2005). The recent applications of ‘omics’ profiling tools 

enhance efforts describing coral resistance, resilience, and function (Meyer and Weis, 2012). 

While there are challenges and limitations in interpreting these large datasets (Meyer and Weis, 

2012), global analyses of genes (Shinzato et al., 2011), transcripts (Barshis et al., 2013), and 
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proteins (Peng et al., 2011) are advancing our understanding of holobiont responses to ecological 

disturbances. For instance, experimental evidence suggests corals alter genes to compensate for 

high temperatures (DeSalvo et al., 2010), shift specific calcium carbonate pathways in response 

to simulated ocean acidification (Moya et al., 2012), can front load gene transcripts to potentially 

adapt to variable reef habitats (Barshis et al., 2013), and have dynamic cellular responses after 

stress exposure (Seneca and Palumbi, 2015). But, gene and protein expression measurements 

only monitor the translation of mRNA into protein and therefore cannot integrate with organism 

physiology. Consequently, we are unable to determine if changes in molecular responses are 

directly impacting coral health and survival. Furthermore, these techniques are too expensive to 

apply in reef-wide monitoring programs. Therefore, they cannot directly aid managers in 

assessing long-term impacts of global climate change on reef condition. Consequently, there is 

still a need for cost-effective molecular tools that can proactively assess coral metabolic states. 

One underexplored avenue towards describing cellular pathways implicated in stress responses is 

to analyze changes in metabolite composition within corals.  

 Metabolites are small compounds (e.g., glucose, glycerol, and alanine) that are products 

and intermediates of metabolism, and respond to shifts in the environment (Bundy et al., 2009). 

As such, metabolites play essential roles in biochemical pathways that underlie individual 

growth, nutrition, reproduction and survival (Michal, 1999; Wagner et al., 2013). An organism’s 

metabolite composition can link changes in ecological condition, individual health and gene 

expression pathways (Fiehn, 2001). Using non-targeted profiling approaches (e.g., 

metabolomics, lipidomics), we can quickly assess many metabolites simultaneously to provide a 

more complete picture of coral metabolic status (e.g., Burriesci et al., 2012; Dunn et al., 2012; 

Sogin et al., 2014). In other marine systems, researchers have used metabolomics to study the 

response of bivalves (Ellis et al., 2014) and crustaceans (Hammer et al., 2012) to simulated 

future levels of high temperature and ocean acidification conditions. These unbiased methods not 

only allow for the development of a mechanistic understanding of individual response to stress 

through evaluation of molecular pathway, but also increase our chances of uncovering 

biomarkers that respond to simulated disturbance events.  

 In this study, for the first time we seek to describe and assimilate changes in holobiont 

(corals and their microbial consortia) metabolite profiles with coral physiology as a function of 

global climate change stressors. We chose to measure the synergistic impacts of elevated 
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temperature and ocean acidification on coral metabolomes. This enables us to characterize shifts 

in molecular pathways that respond to more realistic future ocean conditions. Using this 

information, we assess mechanisms underlying changes in coral physiology and develop a 

profile biomarker approach to detect the impacts of global climate change stressors on reefs.  

 

METHODS   

Experimental Exposure and Coral Sampling 

 The Indo-Pacific reef coral Pocillopora damicornis was sampled for metabolomic 

analysis from a manipulative experiment described in Putnam and Gates (in review). In brief, 

adult colonies (n = 11 per treatment) were exposed to ambient (26.5°C and 416 µatm pCO2) or 

high (29°C and 805 µatm pCO2) levels of temperature and pCO2 for 1.5 months. At the end of 

the exposure period, coral holobiont physiology was measured to assess colony response to 

treatment conditions (net photosynthesis, respiration and calcification rates; methods and results 

described in Putnam and Gates in review). Following experimental manipulation, coral 

fragments were snap frozen in liquid nitrogen to halt metabolism and shipped on dry ice to the 

University of California Davis West Coast Metabolomics core facility for metabolome analysis.  

 

Lipid profiling with liquid chromatography-tandem mass spectrometry (LC-MS/MS) 

 Coral lipids were extracted from 40 mg of tissue following the Matyash protocol 

(Matyash et al., 2008), which limits contamination of the non-polar phase by proteins and polar 

compounds. LC-MS/MS profiles were obtained from the organic phase, which was dried and 

reconstituted in 65 µL of methanol:toluene (9:1, v/v) containing a 12- 

[[(cyclohexylamino)carbonyl]amino]-dodecanoic acid internal standard. Sample aliquots (1.67 

µL for positive and 5 µL for negative ionization modes) were injected at 0.6 mL/min on to an 

Acquity charged surface hybrid (CHS) C18 column (Waters; 100 mm x 2.1 mm; 1.7µm particle) 

connected to an Agilent 1290 ultra-high pressure LC system. Compounds were separated using a 

gradient composed of (A) acetonitrile:water (60:40, v/v) and (B) isopropanol:acetonitrile (90:10 

v/v) both containing 10 mM ammonium formate and 0.1% formic acid. Gradient conditions are 

as follows: 0 min 15% B, ramping from 0-2 min 30% B, 2-2.5 min 45% B, 2.5-11 min 82% B, 

11-12 min 99% B, 12-12.1 min 15% B and 12.1-15 min 15% B. Electron spray (ESI) was used to 

ionize column elutants in both positive (Agilent 6530) and negative (Agilent 6550) modes using 
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a quadrupole time of flight (qTOF) system. The capillary voltage was set to +3.5 kV and –3.5 

kV, and the collision energy to 25 eV or 40 eV for positive and negative modes. Mass to charge 

ratios (m/z) were scanned from 60-1700 Da and spectra acquired every 2 s. Resulting MS/MS 

spectra were compared to LipidBlast libraries for compound identification (Kind et al., 2013). 

Lipid peak heights were normalized to total average metabolite content across all samples (Fiehn 

et al., 2008). Resulting metabolite data were imported into R (version 3.0.0, R Core 

Development Team) for statistical analysis. 

 

Primary metabolite profiling with gas chromatography-mass spectrometry (GC-MS) 

Coral primary metabolites were extracted and derivatized following methods from (Kind 

and Fiehn, 2006). Briefly, 40 mg of pulverized tissue was extracted in 1 mL of 

acetonitrile:isoproponal:water (3:3:2; v/v/v) at 4°C for 5 minutes. Extracts were centrifuged (2 

min at 14000 rcf) and the supernatant was evaporated to dryness in a cold trap concentrator prior 

to derivatization. Analytes were separated on an Agilent 6890 GC and ionized on a Leco Pegasus 

IV mass spectrometer (St Joseph, MI, USA) following acquisition parameters previously 

reported (Fiehn et al., 2008). Resulting metabolite profiles were processed using UC Davis’ 

BinBase work-flow (Fiehn et al., 2005). Metabolites were identified through comparison to the 

BinBase database (http://fiehnlab.ucdavis.edu/Metabolite-Library-2007) and peak heights were 

normalized to total metabolite content (Fiehn et al., 2008). Resulting data were imported into R 

for statistical analysis.  

 

Statistical Analysis 

 Relative standard deviations (% RSD = mean / standard deviation X 100) assess variation 

in metabolite composition among individuals (Parsons et al., 2009). To determine if variability in 

MS profiles differed between P. damicornis corals exposed to high and ambient conditions, RSD 

values were calculated across metabolites for both experimental treatments. A Kruskal-Wallis 

test statically compared RSD values between treatment groups.  

To facilitate comparison of metabolite composition among treatment groups, normalized 

compound abundances were auto-scaled (mean centered and scaled to unity) prior to multivariate 

analysis (Berg et al., 2006). An Orthogonal partial least squares-discriminate analysis (OPLS-

DA) was used to model the relationship between P. damicornis metabolite composition and 
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experimental treatments (for source code see http://birg.cs.cofc.edu/index.php/O-PLS). Model 

accuracy was calculated using a 10-fold cross validation technique (Zhang, 1993) to test the 

capacity for metabolite abundance to predict coral experimental exposure. The resulting Q2 

statistic was compared to its permutated null distribution to test for model significance (p < 

0.05).  

To identify metabolites driving separation in the OPLS-DA models, variable loading 

scores were also compared to their permuted null distributions. Variables falling in the 

distribution tails (alpha < 0.01) were determined to contribute significantly to the model. To 

further investigate significant metabolites, percent differences in compound abundances were 

calculated in individuals exposed to high conditions in comparison to their ambient counterparts. 

Identified metabolites were compared to Kyoto Encyclopedia of Genes and Genomes (KEGG) 

and Human Metabolome Database (HMDB) to predict metabolite function. 

 To investigate how metabolites correlate to variation in dominant coral physiological 

parameters, OPLS regression models related metabolite and lipid data to net photosynthesis, 

respiration, and calcification. OPLS regression models remove uncorrelated variation in the Y 

response variables (t-orthogonal) to facilitate model interpretation (Trygg and Wold, 2002). As 

above, Q2 was calculated using 10-fold cross validation and compared to its null distribution to 

test for model significance. In this setting, Q2 describes the total amount of variation captured by 

the model. For significant models, OPLS variable loadings were compared to their permuted null 

distributions to determine if they significantly (α < 0.01) contributed to this relationship. 

Significant metabolites were further investigating by calculating Pearson’s R2 correlations 

between metabolite abundances and the net photosynthesis. 

 

RESULTS  

 In total, mass spectrometry methods detected 450 and 608 unique masses, reflecting lipid 

and primary metabolites respectively. The vast majority (79%) of profiled compounds did not 

match LipidBlast or BinBase records (Fig. 3.1). Kyoto encyclopedia of genes and genomes 

(KEGG) search results (Kanehisa and Goto, 2000) provided functional annotations of identified 

compounds (Table S3.1). 

Reef-building corals are dynamic organisms, exhibiting significant diversity in colony 

morphology, physiology, microbiomes, and ecological tolerance within and among species 
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(Loya, 2001; Ainsworth et al., 2010; Yost et al., 2013). This variation is reflected in the response 

of lipid and primary metabolite profiles to treatment conditions. Relative standard deviation 

(RSD) scores are significantly lower (p< 0.05) in corals exposed to elevated conditions (median 

% RSDlipid= 81.9, median % RSDprimary= 69.4) in comparison to their ambient (median % 

RSDlipid= 56.9, median % RSDprimary= 55) counterparts (Fig. 3.2 A&C). 

Metabolites shift in specific and predicable patterns with exposure to factors such as 

changing environmental conditions (Dickinson et al., 2012), disease (Viant, Werner, et al., 

2003), and microbial communities (Wikoff et al., 2009). These patterns are consistent in reef-

building corals, where OPLS-DA models indicate that experimental treatments significantly alter 

both lipid and primary metabolite profiles (p < 0.05, Fig. 3.2 B&D). By comparing observed 

separation between treatment groups (Fig. 3.2 B&D) and the magnitude of the goodness-of-fit 

parameter (Q2) in the OPLS-DA model, it is clear that measured primary metabolite profiles (Q2 

= 0.321) are better predictors of global climate change exposure then lipid compounds (Q2 = 

0.198).  

The promise of applying metabolomics to improve understanding of the biology of 

ecologically relevant organisms is great (Bundy et al., 2009)- but is constrained by the lack of 

species-specific database tools, which inhibits metabolite identification. In this study for 

example, 90% and 62% of the compounds in the lipid and primary metabolism profiles, 

respectively, that drive separation in the OPLS-DA models (Fig. 3.2 B&D) do not match 

database hits (Fig. 3.3 A&B).  As such, unknown compounds play a major role in describing 

changes in coral metabolite composition after prolonged exposure to high temperature and pCO2 

conditions. That said, twenty compounds driving separation between corals exposed to 

experimental treatments (Fig. 3.2 B&D; Fig 3.3; Table S3.2) matched to existing databases. The 

functional analysis of these compounds reveals that P. damcornis shifts carbohydrate pools, lipid 

composition, and cell signaling compounds in response to elevated treatment conditions. 

To determine if coral metabolomic profiles reflect coral physiology, OPLS regression 

modeled the relationship between coral physiology parameters (respiration, calcification and net 

photosynthesis) and lipid and primary metabolite profiles (Table S3.3). Only the model between 

primary metabolite profiles and net photosynthesis is significant (Q2= 0.36, p< 0.01; Table S3.3), 

with metabolite profiles predicting 36% of the observed variation in net photosynthesis (Fig. 

3.4). Six of the 35 metabolites significantly contributing to this response matched to database 
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hits. These represent compounds involved in protein collagen, cell signaling, antioxidant 

production, protein synthesis, and carbohydrate metabolism (Table S3.4).  

 

DISCUSSION 

Metabolomic and lipidomic profiles as indicators of global climate change stress 

 Using a combination of lipidomics and metabolomics techniques, we developed a 

classification model that can determine if P. damicornis is exposed to elevated or ambient 

temperature and ocean acidification conditions. Lower metabolite profile variability in the face 

of prolonged stress exposure suggests a focused cellular metabolic response within a population 

(Parsons et al., 2009), indicating metabolite changes with stress exposure are consistent across P. 

damicornis individuals.  

OPLS discrimination of coral samples based on lipid profiles was less uniform and 

produced a weaker model then that for primary metabolites. Consequently, discrimination of 

individuals performs better using primary metabolite composition data.  

These results suggest coral lipid pools may be more energetically costly to regulate then primary 

metabolites, perhaps due to differences in reaction or turnover rates of small molecules. 

Alternatively, our simulated disturbance event was not strong enough to elicit uniform changes 

in lipid content across individuals. For instance, plant leaf membranes primarily composed of 

lipids appear to be fairly resistant to drought stress until the event reaches a climax severe 

enough to induce remodeling (Gigon et al., 2004). The compounds detected by our lipidomics 

approach help to maintain cell structures, facilitate signaling cascades, and supply raw material 

for storage reservoirs. Shifts in these energetically expensive compounds can profoundly impact 

cell physiology and function (Spector and Yorek, 1985). For example, changes in lipid bilayer 

membranes can disrupt chemical gradients needed for energy production and lead to cell death 

(van Meer et al., 2008). Consequently, many organisms will actively regulate other small 

compounds, such as compatible solutes, to protect cellular structures and membranes from 

degradation during stress exposure (Yancey, 2005).  

 Corals regulate their primary metabolites to maintain cellular homeostasis. Primary 

metabolites are typically involved in growth, reproduction and developmental pathways (e.g., 

glycolysis, TCA cycle, amino acid metabolism), and therefore are crucial to organism survival. 

Environmental disturbances cause changes in these compounds in many different organisms 
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(Kaplan et al., 2004; Tuffnail et al., 2008; Viant, Rosenblum, et al., 2003), indicating 

modification of primary metabolism pathways necessary to maintain cellular homeostasis.   

 A mechanistic investigation of lipids and primary metabolites discriminating samples 

between treatments suggests corals are regulating carbohydrate, cell structural and signaling 

compounds during stress exposure. Patterns in metabolite regulation with stress are consistent 

across eukaryotic taxa (see references in table S3.5), indicating our metabolomic profiling 

approaches are capturing evolutionarily conserved responses to disturbance. Carbohydrate 

reprogramming may be a mechanism to compensate for reduction in nutritional input to the 

holobiont. Alternatively, changes in sugar chemistry could be combating osmotic stress (Kaplan 

et al., 2007). We expect both of these responses to occur in a coral experiencing a bleaching 

response, which we observed in our high-treatment samples through a decline in photosynthesis 

at the physiological level (Putnam and Gates in review). Despite a weaker discrimination model 

from the lipid profiles, a decrease in phosphatidylcholines (PC) in corals suggests exposure to 

elevated treatment conditions remodels or expels cell membranes. Furthermore, we observe an 

increase in trans-4-hydroxyproline with a parallel decrease in 4-hydroxyproline, which is 

indicative of protein collagen depletion (Bolling and Fiehn, 2005) or turnover of damaged 

proteins. Finally, increases in cell signaling compounds indicate corals activate metabolic 

pathways to meet cellular homeostatic requirements. However our data do not allow us to 

conclusively identify the processes corals regulate with treatment exposure. Future work needs to 

capture dynamic data using a targeted metabolite or transcript profiling approach to identify the 

specific pathways that these metabolites are activating.  

 This work demonstrates the capacity of metabolomics to discriminate between corals 

exposed to elevated temperature and ocean acidification. The detection of evolutionarily 

conserved responses to environmental stress in our profiling efforts suggests that primary 

metabolite profiling can assess the impact of changing ocean conditions on individual health 

across eukaryotes. Similar efforts measure the impacts of elevated temperature and ocean 

acidification on metabolite composition in marine bivalves (Ellis et al., 2014; Lannig et al., 

2010) and crustaceans (Hammer et al., 2012), where experimental manipulations altered 

metabolic pathways, impacting energy metabolism and osmotic balance. 
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Coral metabolomic profiles can predict net photosynthesis  

 Shifts in coral primary metabolite pools can predict net photosynthetic values (Q2 = 

0.361, p< 0.01; Table S3.1), indicating there is relationship between measured compounds and 

coral photosynthetic response to experimental treatments. However, we did not detect a 

relationship between small compound composition and coral respiration or calcification 

responses (Q2 < 0, p > 0.05; Table S3.1). These results could indicate that products related to 

algal photosynthesis dominate primary metabolite pools. This is not surprising given the tight 

nutritional symbiosis between reef-building corals and single-celled dinoflagellates in the genus 

Symbiodinium. In exchange for nitrogen resources, the algae produce and translocate 

photosynthate to the coral, where the host uses it to meet up to 95% of its nutritional needs 

(Muscatine and Porter, 1977). Photosynthesis drives the production of organic carbon 

compounds, which organisms catabolized to produce metabolites involved in major metabolic 

pathways supporting growth, reproduction and survival (Stitt et al., 2010). Typically, plants and 

algae achieve cellular homeostasis by regulating primary metabolism genes (Dittami et al., 2009) 

and reprogramming carbohydrate chemistry to compensate for reduction in photosynthetic 

activity caused by environmental stress (Kaplan et al., 2004). Considering Symbiodinium cells 

are densely packed into the coral gastrodermal tissues, individual metabolite profiles are likely to 

be primarily comprised of products and intermediates resulting from the production and 

translocation of algal photosynthate. However, lacking tracer-based studies, it is challenging to 

identify which compounds are resulting from the photosynthetic activity. Using our regression 

approach, we have identified specific metabolites and pathways (Table S3.4) relating to shifts in 

net photosynthesis that can be further investigated using gene and protein expression studies.  

 The lack of a relationship between our metabolite and lipid data to coral respiration and 

calcification indicates we are not capturing the products and intermediates of these physiological 

responses. When our OPLS model was re-run using only measured metabolites that contribute to 

respiration (i.e., glycolysis, krebs cycle), we were still unable to predict physiology values from 

metabolite composition (data not shown). This null result either suggests that our approach is not 

measuring metabolites directly related to respiration, or that the compounds driving this response 

are unknowns. There is a need to develop a more targeted profiling approach to describe 

metabolites underlying this response. Furthermore, because researchers know little and debate 

the remaining information about molecular mechanisms contributing to coral (Jokiel, 2011; 
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Marubini et al., 2008; Allemand et al., 2004), we were unable to identify specific compounds in 

our profiles related to this physiological activity.  Consequently, to understand the metabolic 

pathways contributing to reef accretion, we need more research investigating cellular processes 

driving calcification.  

 Our prediction of net photosynthesis from primary metabolite composition indicates that 

coral metabolomic profiles can describe physiological response to stress. By measuring coral 

metabolites we can use minimally invasive fragment collections and quick sample data 

acquisition to capture dynamic changes in colony primary production.  Measured coral net 

photosynthesis is positively correlated to 5-deoxy-5-(methylthio) adenosine, 3-methoxytyrosine, 

and threonic acid. These metabolites contribute to energy and carbohydrate metabolism 

pathways and antioxidant production, both of which are byproducts of photosynthetic reactions. 

Net photosynthesis is also negatively correlated to the accumulation of trans-4-hydroxproline, 2-

phenylpropanol and ribitol. Of particular interest, ribitol feeds into the pentose and glucuronate 

interconversion pathway from riboflavin metabolism and is a starting point for the conversion of 

carbohydrates to lipids, amino acids, and starch resources. We hypothesize ribitol depletion 

indicates corals have high photosynthetic rates and are able to produce compounds needed to 

maintain nutrition. At elevated treatment conditions, ribitol accumulates by 125%, suggesting 

corals exposed to high temperature and ocean acidification are not receiving the sufficient 

compounds from nutritional resources needed to undergo carbohydrate conversion.  

 The majority  (79%) of the metabolites measured in this study did not match database 

hits, suggesting corals are chemically diverse but poorly described. This is a reoccurring problem 

in metabolomics, where metabolite profiles from non-model systems remain largely unannotated. 

The development of species-specific metabolite databases will help researchers understand 

organism metabolite composition and consequently molecular pathways contributing to an 

individual’s response to shifting ecological conditions. As these databases begin to come online 

for corals, it will become easier to assess function and enhance our understanding of shifts in 

metabolite composition associated with coral health.   

 Our study is the first to comprehensively profile metabolites and lipids in reef-building 

corals as a function of global climate change stressors. Changes in metabolite and lipid profiles 

have the capacity to discriminate between corals exposed to high and ambient temperature and 

CO2. We can predict coral photosynthetic responses using metabolite profiles, but fail to detect 
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underlying molecular patterns of respiration and calcification processes. Changes in metabolite 

profiles under prolonged stress indicate that corals alter metabolic pathways to maintain cellular 

homeostasis. Shifts in these pathways promotes conservation of energetics and fortifies defense 

mechanisms to maintain cellular activity required for survival, often at the expense of growth 

and reproduction (Gasch et al., 2000). Using an unbiased metabolomics approach, we identified 

metabolites corals regulate with exposure to elevated temperature and ocean acidification 

conditions, which underlie colony primary production.  Identified metabolites and pathways are 

current targets for future analyses seeking to develop a comprehensive mechanistic 

understanding of coral response to disturbance. Our results demonstrate the capacity of 

metabolomics to detect impacts of global climate change on reefs, and promote the use of 

metabolite detection techniques across biological systems.   

 Unfortunately, global climate change continues to threaten the long-term future of reefs 

(Pandolfi et al., 2011) by causing mass coral mortalities and drastic shifts in community structure 

(Hoegh-Guldberg et al., 2007). Metabolite and lipid profiles generated from our approach can 

rapidly monitor the impacts of global climate change stressors on reef-building coral using 

minimally invasive collection techniques.   
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FIGURES 
 
Figure 3.1. Known functional roles compounds describing metabolic differences between 
experimental treatments. Bar charts showing the number of metabolites accumulated and 
depleted in corals exposed to high treatment conditions relative to their ambient counterparts. 
Only compounds significant in the OPLS-DA analyses are represented for both the (A) LC-
MS/MS and (B) GC-TOF-MS datasets. Metabolites are represented once for each known 
functional role. See also Table S1.  

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

A.

B. Primary Metabolism 

Lipid Metabolism

Antimicrobial

Antioxidant

Carbohydrate metabolism

Cell membrane

Cell signaling

Chlorophyll component 

DNA metabolism

Energy metabolism 

Energy storage

Nutrient

Osmolyte

Photosynthesis metabolite

Protein collagen

Protein metabolism

Unknown

Urea cycle

Waste product

PFA

Functional Roles



83	  

Figure 3.2. Pocillopora damicornis metabolite profiles change with exposure to global 
climate change stressors. (A & C) Relative standard deviation box-plots comparing variation in 
metabolite abundances between treatment groups for (A) lipidomics and (C) primary metabolite 
profiling platforms. The median is indicated (black bar) along with the quartile ranges. (B & D) 
OPLS-DA models comparing coral metabolomes after exposure to ambient ( ) and high ( ) 
treatment conditions for data collected by (B) lipid and (D) primary metabolite profiling 
platforms. Separation along the t (t1) and t-orthogonal (to1) axis represents variation within and 
between treatments. For metabolites driving separation between treatments, see Table S3.2.  
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Figure 3.3.  Measured coral metabolite functions. Pie charts showing the proportion of 
metabolites falling into functional categories for compounds measured by (A) lipid metabolism 
and (B) primary metabolism platforms.  
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Figure 3.4. Coral primary metabolite profiles are correlated to colony net photosynthesis. 
Predicted net photosynthetic values from metabolite composition in comparison to measured 
values. The gray line represents a 1:1 line. Values from P. damicornis samples originating from 
ambient and high treatment conditions are represented by gray and black symbols respectively. 
Circles and crosses represent the OPLS regression analysis validation and test data results, 
respectively. As indicated by the OPLS regression model, primary metabolite profiles describe 
36% of the variation in measured net photosynthesis (Q2 = 0.389, p < 0.02). For OPLS 
regression results and metabolites contributing to this response, see Tables S3.3 and S3.4.  
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SUPPORTING INFORMATION 
 
Table S3.1. Identified compounds from Fig 3.1. Identified metabolites, functional roles and 
percent changes between experimental treatments from both lipid and primary metabolite 
profiling platforms. 

Metabolite Functional Role Platform % Difference KEGG ID 

1-Hexadecanol 
Cell signaling 

GC-MS 16.1 C00823 Cell membrane 
Energy storage 

1-Monopalmitin 
Cell signaling 

GC-MS 57.6 NA Cell membrane 
Energy storage 

1-Monostearin 
Cell signaling 

GC-MS 34.9 D01947 Cell membrane 
Energy storage 

1,2,4-Benzenetriol Unknown role GC-MS 41.1 C02814 
1,3-Diaminopropane Protein metabolism GC-MS 22.9 C00986 
2-Deoxyadenosine DNA metabolism 

GC-MS 47.4 C00559 
 Energy metabolism 

2-Deoxytetronic Acid NIST Waste product GC-MS -58.5 NA 

2-Hydroxyvaleric Acid Unknown role GC-MS 28.8 NA 

2-Monoolein 
Cell signaling 

GC-MS 56.2 C02112 Cell membrane 
Energy storage 

2-Monopalmitin 
Cell signaling 

GC-MS 54.2 NA Cell membrane 
Energy storage 

2-Phenylpropanol NIST Unknown role GC-MS 30.5 NA 

2'-Deoxyguanosine Energy metabolism GC-MS -12.5 C00330 
 DNA metabolism 
3-Aminoisobutyric Acid Protein metabolism GC-MS 0.7 C05145 
3-Methoxytyrosine Protein metabolism GC-MS -40.4 NA 
3-Phenyllactic Acid Protein metabolism GC-MS 13.7 C05607 

4-Hydroxybutyric Acid Carbohydrate 
metabolism GC-MS 23 C00989 

4-Hydroxyproline Protein collagen GC-MS -61.5 C01015 
5-Aminovaleric Acid Protein metabolism GC-MS 1.8 C00431 
5-Methoxytryptamine Protein metabolism GC-MS -28.1 C05659 

5'-Deoxy-5'-
(Methylthio)adenosine 

Energy metabolism 
GC-MS -29.1 C00170 Cell 

regulation/signaling 
5β -Cholestanol Cell signaling GC-MS -43.2 NA 
Acetoacetate NIST Protein metabolism GC-MS -73.4 C00164 

Acetophenone NIST Unknown role GC-MS 87.9 C07113 
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Adenine Energy metabolism GC-MS 16 NA 

Adenosine 
Energy metabolism 

GC-MS 25.6 C00212 Cell signaling 
DNA metabolism 

Adipic Acid Waste product GC-MS 24.2 C06104 

Alanine 
Protein metabolism 

GC-MS 26.6 C00041 Carbohydrate 
metabolism 

Alpha-Tocopherol Antioxidant GC-MS -22 C02477 

Aminomalonic Acid Protein metabolism GC-MS -0.8 C00872 

Arabinose Carbohydrate 
metabolism GC-MS 6 C00259 

Arabitol Carbohydrate 
metabolism GC-MS 15.9 C01904 

Arachidic Acid 
Cell membrane 

GC-MS -2.3 C06425 Cell signaling 
Energy storage 

Arachidonic Acid Cell signaling GC-MS -14.3 C00219 

Asparagine Protein metabolism GC-MS -22.5 C00152 

Aspartic Acid Protein metabolism GC-MS -40.6 C000049 
Azelaic Acid Cell signaling GC-MS 163.3 C08261 

Behenic Acid 
Cell membrane 

GC-MS 16.7 C08281 Cell signaling 
Energy storage 

Benzoic Acid protein metabolism GC-MS 14.7 C00180 

Capric Acid 
Cell membrane 

GC-MS 255.5 C01571 Cell signaling 
Energy storage 

Caprylic Acid 
Cell membrane 

GC-MS 219 C06423 Cell signaling 
Energy storage 

Cellobiose Carbohydrate 
metabolism GC-MS -8.3 C00185 

Cellobiotol Cell membrane GC-MS 3.9 NA 
Cholesterol Cell membrane GC-MS -0.1 C00187 
Citrulline Protein metabolism GC-MS 30.6 C00327 
Conduritol β Expoxide Unknown role GC-MS 62.8 NA 
Creatinine Waste product GC-MS 16.4 C00791 
Cyano-L-Alanine Protein metabolism GC-MS -25.2 C02512 

Cysteine 
Carbohydrate 
metabolism GC-MS -29 C00097 
Protein metabolism 

Dihydroxyacetone Carbohydrate 
metabolism GC-MS 1 C00184 

Dodecanol 
Cell membrane 

GC-MS -2 C02277 Cell signaling 
Energy storage 

Enolpyruvate NIST Cell signaling GC-MS   
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Carbohydrate 
metabolism 

12.3 C00022 

Epsilon-Caprolactam Unknown role GC-MS 35.1 C06593 
Ergosterol Cell membrane GC-MS 54.8 C01694 

Erythritol Energy metabolism GC-MS 30.1 C00503 

Ethanolamine Cell signaling GC-MS 43.4 C00189 

Fructose Carbohydrate 
metabolism GC-MS 251.8 C00095 

Fucose Carbohydrate 
metabolism GC-MS -38.4 C01019 

Fucose + Rhamnose Carbohydrate 
metabolism GC-MS -27.8 C01018 

Fumaric Acid Carbohydrate 
metabolism GC-MS -23.2 C00122 

Galactinol Carbohydrate 
metabolism GC-MS -4.2 C01235 

Gamma-Tocopherol Antioxidant GC-MS -1.8 C02483 

Gluconic Acid Carbohydrate 
metabolism GC-MS -31.6 C00257 

Glucose 
Cell signaling 

GC-MS 52.4 C00031 Carbohydrate 
metabolism 

Glucose-1-Phosphate Carbohydrate 
metabolism GC-MS 19.7 C00103 

Glucuronic Acid 

Cell signaling GC-MS  
32.7 
 

 
C00191 
 

Protein metabolism 
GC-MS Carbohydrate 

metabolism 

Glutamic Acid 
DNA component 

GC-MS -22 C00025 Cell signaling 
Protein metabolism 

Glutamine Protein metabolism GC-MS 5.4 C00064 
DNA metabolism 

Glutaric Acid Protein metabolism GC-MS 15.1 C00489 

Glyceric Acid Carbohydrate 
metabolism GC-MS 11.3 C00258 

Glycerol Carbohydrate 
metabolism GC-MS 68.7 C00116 

Glycerol-3-Galactoside Carbohydrate 
metabolism GC-MS -28.5 C05401 

Glycine Protein metabolism GC-MS -37.4 C00037 

Guanine DNA metabolism GC-MS -14 C00242 

Guanosine DNA metabolism GC-MS -49.4 C00387 

Gycerol-α-Phosphate Carbohydrate 
metabolism GC-MS -67.2 C00093 

Histidine Protein metabolism GC-MS 41.7 C00135 
Homocystine Protein metabolism GC-MS -22.9 C01817 
Homoserine Protein metabolism GC-MS -50.3 C00263 
Hydroxylamine Osmolyte GC-MS -53.2 C00192 
Icosenoic Acid Cell signaling GC-MS 5.9 C16526 
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Cell membrane 
Inosine DNA metabolism GC-MS 8.7 C00294 

Inositol-4-Monophosphate 
Carbohydrate 
metabolism GC-MS -50.6 C03546 
Cell signaling 

Isoleucine Protein metabolism GC-MS 6.2 C16434 
Isolinoleic Acid NIST Cell membrane GC-MS -14.3 NA 
Isonicotinic Acid Unknown role GC-MS -26.5 C07446 

Isothreonic Acid Unknown role GC-MS 0.3 NA 

Lactic Acid 
Carbohydrate 
metabolism GC-MS 27.8 C00186 
Cell signaling 

Leucine Protein metabolism GC-MS 11.6 C00123 

Leucrose Carbohydrate 
metabolism GC-MS 53.1 NA 

Levanbiose Unknown role GC-MS 56.4 C01725 
Lignoceric Acid Energy storage GC-MS -46.3 C08320 
Linoleic Acid Cell membrane GC-MS 43.9 C01595 
Linoleic Acid Methyl Ester Cell membrane GC-MS 42.2 NA 
Linolenic Acid Cell membrane GC-MS -9.5 C06427 
Lysine Protein metabolism GC-MS 41.5 C00047 

Maleimide Unknown role GC-MS -33.6 C07272 

Maltose Carbohydrate 
metabolism GC-MS 44 C01971 

Maltotriose Carbohydrate 
metabolism GC-MS -53.1 C01835 

Mannose Carbohydrate 
metabolism GC-MS 43.4 C00159 

Methanolphosphate Unknown role GC-MS 35.7 NA 

Methionine Protein metabolism GC-MS 8.3 C00073 

Methionine Sulfoxide Protein metabolism GC-MS 2 C02989 

Monomyristin NIST Unknown role GC-MS 105.2 NA 

Monoolein Cell membrane GC-MS 289.5 NA Cell signaling 

Myo-Inositol 
Carbohydrate 
metabolism GC-MS 61.9 C00137 
Cell signaling 

Myristic acid Cell membrane GC-MS  
37.7 

 
C06424 Cell signaling 

N-Acetyl-D-Mannosamine Carbohydrate 
metabolism GC-MS 35.2 C00645 

N-Acetylgalactosamine Protein metabolism GC-MS 35.2 C01074 

N-acetylhexosamine Unknown role GC-MS -25.8 C02711 
N-methylalanine Protein production GC-MS -17.9 C02721 
N-methylglutamate Cell membrane GC-MS 6.2 NA 
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Cell signaling 
Nicotinamide Energy metabolism GC-MS 7.3 C00153 
Nicotinic Acid Energy metabolism GC-MS -10.9 C00153 

Nonadecanoic Acid Cell membrane GC-MS 5.6 C16535 Cell signaling 
Noradrenaline Cell signaling GC-MS -31 C00547 
Octadecanol Unknown role GC-MS 80.2 D01924 

Oleic acid 
Cell signaling 

GC-MS 96 C00712 Energy storage 
Cell membrane 

Ononitol Unknown role GC-MS 23.1 NA 
Ornithine Urea cycle GC-MS 33.6 C00077 
Oxoproline Protein metabolism GC-MS -59.9 C01879 

Palmitic acid 
Cell signaling 

GC-MS 23.1 C00249 Cell membrane 
Energy storage 

Palmitoleic acid Cell signaling GC-MS -2.9 C08362 
Cell membrane 

Pantothenic acid Carbohydrate 
metabolism GC-MS 94.8 C00864 

Pelargonic acid Cell signaling GC-MS 213.1 C01601 Cell membrane 
Phenol Unknown role GC-MS 10.8 C00146 

Phenylacetic Acid Nutrient, 
Antimicrobial GC-MS 80.5 C07086 

Phenylalanine Protein metabolism GC-MS 22.9 C00079 
Phenylethylamine Protein metabolism GC-MS -21.1 C05332 
Phosphoethanolamine Cell membrane GC-MS -36.3 C00346 

Phosphoric Acid 
Osmolyte 

GC-MS -13 C00009 Photosynthesis 
metabolite 

Phytol Chlorophyll 
Component GC-MS -29.9 C01389 

Proline Protein metabolism GC-MS 10 C00763 
Propane-1,3-Diol NIST Protein metabolism GC-MS 27 C02457 
Putrescine Protein metabolism GC-MS -2.7 C00134 
Pyrazine 2,5-Dihydroxy 
NIST Unknown role GC-MS -13.4 C20515 

Pyruvic Acid Carbohydrate 
metabolism GC-MS -8.8 C00022 

Ribitol Carbohydrate 
metabolism GC-MS 124.9 C00474 

Ribose Carbohydrate 
metabolism GC-MS 2.7 C00121 

Sarcosine Protein metabolism GC-MS -10.4 C00213 

Succinate Semialdehyde Carbohydrate 
metabolism GC-MS -8.3 C00232 

Serine 
Protein metabolism 

GC-MS 31.4 C00065 Carbohydrate 
metabolism 
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Sialicin Unknown role GC-MS 88.9 NA 

Sophorose Carbohydrate 
metabolism GC-MS -17.1 C08250 

Sorbitol Carbohydrate 
metabolism GC-MS -30 C00794 

Squalene Cell membrane GC-MS -36.4 C00751 

Stearic Acid Cell membrane GC-MS 12.5 C01530 

Sucrose Carbohydrate 
metabolism GC-MS 76.8 C00089 

Tagatose Carbohydrate 
metabolism GC-MS 48.2 C00795 

Threonic Acid Antioxidant GC-MS -23.7 NA 

Threonine Protein metabolism GC-MS 15.6 C00188 

Thymidine DNA component GC-MS -34 C00214 
Thymine DNA component GC-MS 16.1 C00178 

Trans-4-Hydroxyproline Protein collagen GC-MS 58.3 C01157 

Trehalose Carbohydrate 
metabolism GC-MS -40.9 C01083 

Trigonelline NIST Unknown role GC-MS 8.2 C01004 
Tryptophan Protein production GC-MS 17.5 C00078 

Tyramine Cell signaling GC-MS -19.1 C00483 
Protein metabolism 

Tyrosine Protein metabolism GC-MS 38.9 C00082 

UDP GlcNAc 
Cell signaling 

GC-MS 40.4 C00043 Carbohydrate 
metabolism 

Uracil Energy metabolism GC-MS -7.8 C00106 
DNA metabolism 

Urea DNA metabolism GC-MS -40.1 C00086 Urea cycle 

Valine 
Carbohydrate 
metabolism GC-MS -2.8 

 
C00183 
 Protein metabolism 

Xylose Carbohydrate 
metabolism GC-MS -39.5 C02205 

Zymosterol Cell membrane GC-MS 17.6 C05437 

β-Alanine 
Carbohydrate 
metabolism GC-MS -33.5 C00099 
Protein metabolism 

β-Gentiobiose Unknown role GC-MS 2.4 C08240 

β-Glycerolphosphate Carbohydrate 
metabolism GC-MS -65.4 C02979 

β-Sitosterol Cell membrane GC-MS -33.8 C01753 

Acylcarnitine C16:0 
Cell signaling 
Energy storage 
Cell membrane 

LC-MS -15 NA 
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Arachidonoylthio-PC Cell membranes LC-MS -23.1 NA 
DG (38:6) Cell signaling LC-MS -26.4 NA 
LPC (16:0) Cell signaling LC-MS -22.6 NA 
LPC (18:0) Cell signaling LC-MS -13 NA 
LPC (20:0) Cell signaling LC-MS -6.4 NA 
LPC (22:6) Cell signaling LC-MS -49.6 NA 
Lyso-PAF C-18 PAF LC-MS -9.4 NA 
PC (16:0/16:0) Cell membranes LC-MS 33.9 NA 
PC (18:1/16:0) Cell membranes LC-MS 16.1 NA 
PC (30:0) Cell membranes LC-MS 47.8 NA 
PC (36:1) Cell membranes LC-MS 26.8 NA 
PC (36:2) Cell membranes LC-MS -3.1 NA 
PC (36:4) Cell membranes LC-MS -36.7 NA 
PC (36:5) Cell membranes LC-MS -23.5 NA 
PC (36:6) Cell membranes LC-MS -27.9 NA 
PC (38:4) Cell membranes LC-MS -19.3 NA 
PC (38:5) Cell membranes LC-MS -29.7 NA 
PC (38:6) Cell membranes LC-MS -32.2 NA 
PC (40:5) Cell membranes LC-MS -16.1 NA 
PC (40:6) Cell membranes LC-MS -23.8 NA 
Plasmenyl-PC (34:1) Cell membranes LC-MS -1.9 NA 
Plasmenyl-PE (36:4) Cell membranes LC-MS -26.4 NA 
Plasmenyl-PE (38:4) Cell membranes LC-MS -55.4 NA 
Plasmenyl-PE (38:5) Cell membranes LC-MS -6.4 NA 
TG (46:0) Energy storage LC-MS 22.2 NA 
TG (46:1) Energy storage LC-MS 48.6 NA 
TG (48:0) Energy storage LC-MS 15.1 NA 
TG (48:1) Energy storage LC-MS 16.6 NA 
TG (48:2) Energy storage LC-MS 4.3 NA 
TG (48:3) Energy storage LC-MS 17.1 NA 
TG (50:0) Energy storage LC-MS 10.1 NA 
TG (50:2) Energy storage LC-MS 9 NA 
TG (50:3) Energy storage LC-MS 13.3 NA 
TG (50:4) Energy storage LC-MS 12.5 NA 
TG (50:5) Energy storage LC-MS 48.1 NA 
TG (52:0) Energy storage LC-MS 22.3 NA 
TG (52:1) Energy storage LC-MS 12.1 NA 
TG (52:3) Energy storage LC-MS 7.8 NA 
TG (52:4) Energy storage LC-MS 11.5 NA 
TG (52:5) Energy storage LC-MS 25.7 NA 
TG (54:1) Energy storage LC-MS 19.4 NA 
TG (54:6) Energy storage LC-MS 40.5 NA 
TG (54:8) Energy storage LC-MS 89.8 NA 
TG (56:4) Energy storage LC-MS -9.6 NA 
TG (56:6) Energy storage LC-MS 26.3 NA 
TG (58:6) Energy storage LC-MS 84.1 NA 
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TG (48:3) Energy storage LC-MS 17.1 NA 
TG (50:0) Energy storage LC-MS 10.1 NA 
TG (50:2) Energy storage LC-MS 9 NA 
TG (50:3) Energy storage LC-MS 13.3 NA 
TG (50:4) Energy storage LC-MS 12.5 NA 
TG (50:5) Energy storage LC-MS 48.1 NA 
TG (52:0) Energy storage LC-MS 22.3 NA 
TG (52:1) Energy storage LC-MS 12.1 NA 
TG (52:3) Energy storage LC-MS 7.8 NA 
TG (52:4) Energy storage LC-MS 11.5 NA 
TG (52:5) Energy storage LC-MS 25.7 NA 
TG (54:1) Energy storage LC-MS 19.4 NA 
TG (54:6) Energy storage LC-MS 40.5 NA 
TG (54:8) Energy storage LC-MS 89.8 NA 
TG (56:4) Energy storage LC-MS -9.6 NA 
TG (56:6) Energy storage LC-MS 26.3 NA 
TG (58:6) Energy storage LC-MS 84.1 NA 
TG (52:5) Energy storage LC-MS 25.7 NA 
TG (54:1) Energy storage LC-MS 19.4 NA 
TG (54:6) Energy storage LC-MS 40.5 NA 
TG (54:8) Energy storage LC-MS 89.8 NA 
TG (56:4) Energy storage LC-MS -9.6 NA 
TG (56:6) Energy storage LC-MS 26.3 NA 
TG (58:6) Energy storage LC-MS 84.1 NA 
TG (54:6) Energy storage LC-MS 40.5 NA 
TG (54:8) Energy storage LC-MS 89.8 NA 
TG (56:4) Energy storage LC-MS -9.6 NA 
TG (56:6) Energy storage LC-MS 26.3 NA 
TG (58:6) Energy storage LC-MS 84.1 NA 

% Difference in metabolite abundance measured in corals exposed to high treatment 
conditions in comparison to individuals in the ambient control group  
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Table S3.2. Identified metabolites significant in the OPLS-DA analyses from Fig. 3.2. Data 
table reports metabolites driving separation between treatment groups, loading scores (p1), 
percent difference between treatment groups and predicted metabolite functions. 

Metabolite p1 % Difference Predicted 
Function KEGG Pathways KEGG 

ID 
LC-MS/MS Model      

DG (38:6) -0.0044 -26.4 Cell signaling Up to 51 pathways, including 
20 cell signaling pathways C00165 

DG (38:6)  -55.4 Cell 
membrane 

GPI-anchor biosynthesis 
Glycerophospholipid 

metabolism 
Regulation of autophagy 

Retrograde endocannabinoid 
signaling 

Pathogenic Escherichia coli 
infection 

C00350 

PC (38:5) -0.0038 -29.68 Cell 
membrane 

Glycerophospholipid 
metabolism 

Arachidonic acid metabolism 
Linoleic acid metabolism 

Alpha-linolenic acid 
metabolism 

Retrograde endocannabinoid 
signaling 

C00157 

PC (36:4) -0.0033 -36.71    

PC (38:6) -0.0037 -32.15    
PC (38:4) -0.0027 -19.28    

TG (46:1) 0.0033 48.61 Energy 
storage 

Glycerolipid metabolism 
Fat digestion and absorption 

Vitamin digestion and 
absorption 

C00422 

TG (48:1) 0.0030 16.57    

TG (50:5) 0.0029 48.05    
GC-TOF-MS Model      

Fucose -0.0046 -38.4 Carbohydrate 
metabolism 

Fructose and mannose 
metabolism 

Amino sugar and nucleotide 
metabolism 

Microbial metabolism in 
diverse environments 

C01019 

UDP-GlcNAc 0.0045 40.4 
Cell signaling 
Carbohydrate 
metabolism 

Amino sugar and nucleotide 
metabolism 

Butirosin and neomycin 
biosynthesis 

Lipopolysaccharide 
biosynthesis 

Peptidoglycan biosynthesis 
Biosynthesis of secondary 

metabolites 

C00043 

Conduritol β-Expoxide 0.0045 62.8 Unknown N/A N/A 

4-Hydroxyproline -0.0038 -61.48 Protein 
collagen 

Arginine and proline 
metabolism 

C01157 
C01015 

Trans-4-hydroxyproline 0.0036 58.27    
Acetophenone NIST 0.0043 87.9 Unknown N/A N/A 
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Octadecanol 0.0043 80.2 Unknown N/A D0194 

Ribitol 0.0042 124.9 Carbohydrate 
metabolism 

Pentose and glucuronate 
interconversions 

Riboflavin metabolism 
C00474 

Lignoceric acid -0.0037 -46.26 Energy 
storage 

Biosynthesis of unsaturated 
fatty acids C08320 

Myo-Inositol 0.0035 61.93 
Cell signaling 
Carbohydrate 
metabolism 

Galactose metabolism 
Ascorbate and aldarate 

metabolism 
Streptomycin biosynthesis 

Inositol phosphate metabolism 
Biosynthesis of secondary 

metabolites 
Microbial metabolism in 

diverse environments 
ABC transporters 

Phosphatidylinositol signaling 
system 

C00137 

5-deoxy-5-
(methylthio)adenosine -0.0034 -29.05 

Energy 
metabolism 

Cell 
signaling/regu

lation 

Cystein and methionine 
metabolism 

Zeatin biosynthesis 
Biosynthesis of plant secondary 

metabolites 

C00170 
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Table S3.3. OPLS regression results for each OPLS model tested as described in the 
results. Overall, 6 models were used to investigate the relationship between metabolite data (LC-
MS/MS or GC-MS) and physiological responses. The goodness of fit parameter, Q2, was 
assessed and compared to its null distribution to determine if the model was significant (p < 
0.05).   
 

Model Number X-Data R2X R2Y Q2 p-value 
Y=Calcification     

1 LC-MS/MS 0.134 0.487 -0.506 p = 0.7 
2 GC-MS 0.063 0.998 -0.660 p = 0.83 
Y= Net Photosynthesis     
3 LC-MS/MS 0.149 0.462 0.043 p =  0.15 
4 GC-MS 0.058 0.999 0.361 p < 0.01 

Y=Respiration     
5 LC-MS/MS 0.113 0.425 -0.446 p =  0.59 
6 GC-MS 0.072 0.921 -0.098 p =  0.25 
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Table S3.4. Identified metabolites contributing to the OPLS regression in Fig. 3.4.   R2 
values represent Pearsons correlation between metabolite abundance and net photosynthesis. P-
values were adjusted using a Benjamini and Hochberg (1995) correction and adjusted values < 
0.05 are indicated by **, while values < 0.1 are indicated by *. OPLS loading scores (p1) and 
metabolite function are reported.  
 

Metabolite R2 p1 Function KEGG Pathway KEGG 
ID 

Trans-4-
hydroxyproline -0.503** -0.0043 Protein collagen Arginine and proline 

metabolism C01015 

5-deoxy-5-
(methylthio) 
adenosine 

0.499** 0.0043 
Energy metabolism 
Cell 
signaling/regulation 

Cystein and methionine 
metabolism 
Zeatin biosynthesis 
Biosynthesis of plant 
secondary metabolites 

C00170 

2-phenylpropanol 
NIST -0.497** -0.0042 Unknown N/A N/A 

Threonic Acid 0.496** 0.0042 Antioxidant Ascorbate and aldarate 
metabolism C0162 

3-methoxytyrosine 
NIST 0.484** 0.0042 Protein synthesis N/A N/A 

Ribitol -0.426* -0.0037 Carbohydrate 
metabolism 

Pentose and glucuronate 
interconversions 
Riboflavin metabolism 

C00474 

NIST= National Institute of Standards, PUFA= Poly Unsaturated Fatty Acid 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 



98	  

Table S3.5. Conserved metabolic responses of taxa to disturbance events. Increases (é), 
decreases (ê), and overall changes (Δ) in metabolites and transcripts are reported for a range of 
taxa. The major metabolic pathways presented were investigated for each taxonomic division. 

Organism Ecological 
disturbance 

Carbohydrate 
metabolism 

Cell membrane 
maintenance 

and lipid 
metabolism 

Cell 
signaling Ref. 

Yeast      

Saccharomyces 
cerevisiae 

 

Multiple stressors é Transcripts éTranscripts éTranscripts (Gasch et al., 2000) 
 

Thermal stress Δ Metabolites 
   (Strassburg et al., 

2010) 
Marine Algae      

Chlamydomonas 
reinhardtii 

Nutrient depletion 
 

Δ Metabolites 
 

é Metabolites 
  

(Bolling and Fiehn, 
2005) 

 
Thalassiosira 
pseudonana Multiple stressors Δ Metabolites Δ Lipids é Lipids 

 (Bromke et al., 2013) 

Plants      

Arabidopsis thaliana 

Heat and cold 
shock 

Δ Metabolites 
 

é Osmolytes 
 

é Metabolites 
 (Kaplan et al., 2004) 

Multiple stressors Δ Transcripts 
 ê Transcripts é Transcripts 

 (Seki et al., 2002) 

Coral Holobiont      

Pocillopora 
damicornis 

Elevated thermal 
and ocean 

acidification stress 
 

Δ Metabolites 
 

ê Lipids 
 

Δ Metabolites 
 This study 

Mussels 
Mytilus edulis 

 
Elevated thermal 

and ocean 
acidification stress 

 

Δ Metabolites 
   (Ellis et al., 2014) 

Mytilus spp. 
Acute thermal 

stress 
 

é Transcripts éTranscripts é Transcripts (Lockwood et al., 
2010) 

Insects      

Drosophila 
melanogaster 

Multiple Stressors  é Transcripts  
(Girardot et al., 

2004) 
 

Elevated heat Δ Metabolites   (Malmendal et al., 
2006) 

Cold shock  Δ Metabolites  (Koštál et al., 2011) 

Sarcophaga bullata Cold shock Δ Metabolites 
Δ Transcripts  Δ Metabolites 

Δ Transcripts (Teets et al., 2012) 

Fish      
Pomacentrus 
moluccensis Multiple stressors ê Transcripts éTranscripts Δ Transcripts (Kassahn et al., 

2007) 

Gillichthys mirabilis Elevated thermal 
stress 

Δ Transcripts 
  Δ Transcripts (Buckley et al., 2006) 

Mammals      
Homo sapiens 

HeLa Cells Multiple stressors êTranscripts  Δ Transcripts (Murray et al., 2004) 
 

Homo sapiens Multiple stressors Δ Metabolites   (Krug et al., 2012) 

 Obesity  Δ Lipids  (Pietiläinen et al., 
2011) 
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ABSTRACT 

 Symbiotic microbial communities contribute to host metabolic pathways by altering 

cellular metabolism through chemical cycling and nutrient provisioning, leading to changes in 

overall organism performance and health. However, microbial partners are not metabolically 

equivalent. Some partners will positively contribute to host metabolism and others are 

detrimental to individuals. The environmental threshold and tolerance of reef building corals is 

linked to performance of endosymbiotic algal partners in the genus Symbiodinium. While 

evidence indicates Symbiodinium diversity accounts for differences in functionality, how 

different algal symbionts alter coral metabolic pathways remains unexplored. Here, we seek to 

investigate metabolite level differences between varying Symbiodinium partners and their coral 

hosts. We characterized Symbiodinium communities from nine coral species representing four 

genera by sequencing the Internal Transcribed Spacer 2 (ITS2) region of rDNA gene. In parallel, 

to characterize colony chemical composition, we also collected proton-nuclear magnetic 

resonance (1H-NMR) metabolite spectra from each individual. Our data indicate metabolite 

profiles are correlated to symbiont composition and can predict levels of Symbiodinium diversity. 

Finally, by comparing Symbiodinium-metabolite correlation networks for each coral species, we 

show that corals associated with more diverse communities have highly complex networks 

revealing distinct symbiont-metabolite interactions among different algal sub-clade types. 

Collectively, our data indicate coral partner choice alters cellular metabolite composition, likely 

influencing metabolic activities and, therefore, colony health. By integrating our understanding 

of Symbiodinium community composition with metabolite profiling tools, we can assess 

functional differences between microbial partners for the first time in hospite, which is critical 

towards understanding the ecological performance of coral-Symbiodinium unions.  
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INTRODUCTION 

 Microbial symbiotic partners mediate biochemical transformations that contribute to host 

performance and health (Dinsdale et al., 2008), and therefore alter the trajectory of individual 

survival and ecosystem function. The interaction between reef-building corals and microalgae in 

the dinoflagellate genus Symbiodinium supports the foundation and framework of tropical reef 

ecosystems. In exchange for environmental protection and nitrogen resources, Symbiodinium 

produce and translocate organic compounds (i.e., metabolites) to their hosts, supporting colony 

health (Muscatine and Porter, 1977; Black and Burris, 1983; Kopp et al., 2015). However, in an 

ever-changing world, ecological changes (e.g., increased sea surface temperatures and 

irradiance) disrupt these unions, and cause corals to pale in color as a result of loss or 

degradration of their endosymbiotic partners, a process called coral bleaching. With a reduced 

community of Symbiodinium in their tissues, corals struggle to meet their metabolic demands and 

often die. Post bleaching mortality has led to drastic changes in reef communities (Hughes and 

Connell, 1999; Hughes et al., 2003; Hoegh-Guldberg et al., 2007). 

 Some corals and reefs resist ecological disturbances better than others (Hoegh-Guldberg 

and Salvat, 1995; Loya, 2001; Hughes et al., 2003). The ability to tolerate stress depends on 

attributes of the coral as well as the taxonomic composition of its Symbiodinium community. 

Symbiodinium is a diverse genus that includes nine distinct clades (A-I) that each contain many 

sub-types (Pochon and Gates, 2010). The clades and types exhibit different physiological 

functions, environmental thresholds, and nutritional inputs to the host (Ainsworth et al., 2010; 

Stat and Gates, 2011; Stat, Loh, et al., 2008; Loram et al., 2007; Little et al., 2004; Berkelmans 

and Van Oppen, 2006). While corals can associate with many different kinds of Symbiodinium 

(Rowan et al., 1997; Rowan and Knowlton, 1995), the flexibility of these unions varies among 

species and some corals harbor more diverse endosymbiont communities then others (Putnam et 

al., 2012; Silverstein et al., 2012; Baker, 2003). Variation in endosymbiont flexibility can have 

profound implications for coral tolerance to ecological disturbance. Evidence suggests 

individuals associated with few, metabolically beneficial partners, are more robust to stress than 

corals that harbor a greater abundance of symbionts (Putnam et al., 2012). Despite these 

observations and others that indicate different Symbiodinium partners produce different organic 

compounds, (Klueter et al., 2015; Withers et al., 1982; Tchernov et al., 2004; Whitehead and 

Douglas, 2003), it is unclear how endosymbiont diversity influences metabolite contribution to 



102	  

the host in hospite, or impact coral-algal metabolic processes (e.g., respiration, calcification, 

photosynthesis, and survival). Simultaneously investigating Symbiodinium communities and 

metabolite profiles is therefore an important and natural next step towards understanding the 

impact of symbiont diversity and community variability on the metabolism of the coral-algal 

symbiosis.  

In this study, we describe the biochemical relationships between coral associated 

Symbiodinium communities and metabolite profiles from nine coral species representing four 

genera (Acropora, Montipora, Pocillopora and Porites). To characterize endosymbiont 

community composition, we collected Internal Transcribed Spacer 2 (ITS2) Symbiodinium 

sequence data using an Illumina MiSeq platform. In parallel, we assessed coral metabolite 

profiles with proton-nuclear magnetic resonance spectroscopy (1H-NMR) metabolomic 

techniques. A combination of multivariate and network analyses reveal that Symbiodinium 

partner identity define holobiont metabolite composition.  

 

METHODS 

Coral Collection  

 Bone cutters, hammers and chisels were used to collect fragments (n=4-6) from colonies 

of nine coral species representing four genera (Acropora, Montipora, Pocillopora and Porites) 

from the fringing reef in Moorea, French Polynesia (S17°28’50.914”, W149°48’18.639”) in July 

of 2013. Immediate immersion into liquid nitrogen halted coral metabolism after collection. 

Fragments were transported on dry ice and then stored at -80°C until processed.  

 

Coral associated Symbiodinium community analysis  

  DNA was extracted from tissue biopsies (< 1cm) subsampled from each coral fragment 

following Pochon et al. (2006). ITS2 amplicon libraries were constructed in triplicate 25 µL 

PCR reactions comprising of Qiagen HotStar Taq master mix (Qiagen Inc, Valencia, California), 

1 µL of each 5 µM primer and 1 µL of approximately 20 ng of DNA template. Illumina fusion 

primers, consisting of i5 (AATGATACGGCGACCACCGAGATCTACAC) and i7 

(CAAGCAGAAGACGGCATACGAGAT) forward and reverse flow cell adaptors, unique duel-

index barcode and a primer pad, were attached to the forward ITS2-dino (5’ - 

GTGAATTGCAGAACTCCGTG - 3’) and reverse ITS2rev (5’ - 
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CCTCCGCTTACTTATATGCTT - 3’) primers (Stat et al., 2009; Pochon and Gates, 2010) and 

used to construct amplicon libraries. PCR cycling conditions consisted of an initial denaturation 

step at 95°C for 5 min; followed by 35 cycles consisting of denaturation at 94°C for 30 s, primer 

annealing at 54°C for 40 s and extension at 72°C for 1 min; and a final extension at 72°C for 10 

min. eGels (Life Technologies, Grand Island, New York) were used to visualize PCR products, 

which were then pooled to ensure equimolar concentrations among samples, and size selected 

using two rounds of Agencourt AMPure XP (BeckmanCoulter, Indianapolis, Indiana) to a 0.7 

ratio. Illumina MiSeq (Illumina, Inc. San Diego, California) sequenced cleaned PCR products 

using a 2 X 250 flow cell at 10 pM. Illumina-utils (https://github.com/meren/illumina-utils) 

merged high quality sequences from demultiplexed paired-end FASTQ files into a single 

FASTA. The merging pipeline only retained sequences if their Q-scores were greater than Q30 

and if there were fewer then 3 miss-matched base pairs in the overlapping region (Eren et al., 

2013). The USEARCH 6.1 wrapper in the Quantitative Insights Into Microbial Ecology pipeline 

(QIIME, Caporaso et al. 2010) identified and removed sequence chimeras. To describe coral 

Symbiodinium community composition using an operational taxonomic units (OTU) framework, 

the UCLUST algorithm (Edgar et al., 2011) in QIIME clustered sequences into 97% similarity 

groups. Basic Local Alignment Search Tool (BLAST) compared the seed sequence (i.e., most 

abundant representative member) from each OTU to an in-house Symbiodinium ITS2 sequence 

databases generated in GenBank and reported in Edmunds et al. (2014). Sequences that did not 

match the Symbiodinium database were removed from the dataset. 

 
1H-NMR metabolomic profiling 

 Coral fragments were extracted for 1H-NMR analysis following metabolite-profiling 

methods described in Sogin et al. (2014). Briefly, 1 mL of 70% methanol was added for every 

0.07 g of lyophilized coral tissue in order to capture a broad range of the metabolome (Gordon et 

al., 2013). Sonicating extracts for 15 min and mixing using an orbital shaker for 24 h at 4°C 

enhanced extraction efficiency. A pipette transferred the resulting extract to a storage vial, which 

was held at -80°C for 24 hours. To ensure samples were fully extracted, a second solvent volume 

(1 mL/ 0.07 g tissue) was added to the coral nubbin and mixed for another 24 h at 4°C. The two 

extraction volumes for each sample were combined and centrifuged (4000 rpm for 10 min at 
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4°C) to remove cellular debris. A speed-vac concentrated the resulting supernatent to dryness. 

Prior to data acquisition, extracts were weighed to facilitate normalization of 1H-NMR spectra.  

 Extracts were reconstituted by sonicating with 250 µL of deuterium oxide (D2O) 

containing 1 mM 3-(trimethylsilyl)propionic acid sodium salt (TMSP-d4). The reconstituted 

sample was transferred to a 3 mM NMR tube. A 500 mHz Varian Unity Inova NMR 

spectrometer equipped with a 1H-broadband 3 mm probe measured metabolite profiles from 

coral extracts. A water suppression pulse sequence (PRESAT), consisting of 128 transients with 

a relaxation delay of 3 s over a spectral window of 5500 acquired each proton 1H spectrum. 

VNMRJ zero-filled Fourier induction decays to 64K and multiplied by 0.5 hz line widths prior to 

transformation. Spectra were manually phased, baselines adjusted using a Whittiker smoother, 

and profiles normalized to the total area using MestreNova (MesterLabs version 7.1.2). Regions 

(4.75 ppm - 4.95 ppm) arising from residual water impurities were removed and aligned spectra 

exported to an ASCII format. Dynamic adaptive binning identified 1H-NMR bins from the 

aligned NMR spectra between 0.5 and 10 ppm. The resulting metabolite data table was imported 

into R (version 3.1.1) and bin variables normalized to sample extract weights. Metabolites were 

identified by comparing proton signals to Chenomx 500 mHz database (Weljie et al., 2006) and 

published NMR spectra from reef-building corals (Tapiolas et al., 2010; Sogin et al., 2014). 

 

Data Analysis   

To determine if coral associated Symbiodinium communities and metabolite profiles were 

significantly different among coral species and genera, the vegan package (Kindt et al., 2008) 

preformed non-dimensional multivariate scaling (nMDS) and analysis of similarity (ANOSIM) 

tests in R (version 3.1.1). nMDS visualizes and statistically compares similarities among 

samples. Arsine square root transformed relative Symbiodinium community abundances and 

normalized NMR metabolite profiles informed Bray-Curtis sample dissimilarity matrices used to 

create nMDS ordinations. A Procrustes analysis compared resulting nMDS ordinations as 

implemented by McHardy et al. (2013). 

To quantify Symbiodinium OTU presence and abundance, phyloseq (McMurdie and 

Holmes, 2013) calculated Simpson α-diversity values for each sample. Considering 97% OTU 

clustering identifies monoclonal Symbiodinium cultures (Arif et al., 2014) and assuming this 

transfers to mixed environmental samples, Simpson OTU α values can serve as a proxy for 
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Symbiodinium community diversity. To determine if Symbiodinium diversity is related to coral 

metabolite composition, orthogonal partial least squares (OPLS) regression modeled the 

relationship between 1H-NMR profiles and log10-transformed α-values. OPLS regression models 

predict response variables and facilitate model interpretation by removing uncorrelated variation 

in the Y responses (t-orthogonal; Trygg and Wold, 2002). A 10-fold cross validation calculated 

the goodness of fit parameter Q2, which was compared to its permuted null distribution to test for 

model significance (p < 0.05). Q2 describes the total amount of variation captured by the model 

(Trygg and Wold, 2002). To assess the capacity of coral metabolites to predict different levels of 

Symbiodinium sequence diversity, a scatter plot compared measured and OPLS predicted 

log10(α) values.  

Finally, to assess the relationships between Symbiodinium partners and individual 

metabolites in each coral species, Cytoscape plugin CoNet (Faust et al., 2012) calculated 

spearman rank correlations and bootstrapped p-values. Prior to the correlation analysis, taxa and 

NMR bins occurring in fewer then four individuals were removed from the dataset to avoid 

spurious correlations arising from sparse data. Symbiodinium-metabolite correlations were 

considered to be important if the absolute value of the Spearman coefficient (ρ) was  > 0.6 and 

statistically significant (p-value < 0.05, Barberán et al., 2012). To visualize robust 

Symbiodinium-metabolite (nodes) correlations (edges), Gephi preformed network analysis using 

the ForceAtlas2 layout (http://gephi.org; Bastian et al., 2009).  

Network analysis allows for the visualization and exploration of complex interactions 

(i.e., edges) between entities (i.e., nodes) depicted in graphs and calculates structural, 

mathematical and statistical relationships between objects (Newman, 2003). Many different 

disciplines use network analysis to investigate data arising from diverse research fields, 

including human social exchanges (Borgatti et al., 2009), information sciences (Barbasi and 

Albert, 1999), species co-occurrence patterns (Barberán et al., 2012; Faust and Raes, 2012) and, 

more recently, microbial-metabolite interactions (McHardy et al., 2013; Shankar et al., 2015). To 

describe and assess network topologies and glean insight into Symbiodinium-metabolite 

associations, Gephi calculated node degree distributions (i.e., the number of edges connected to 

each node), node density (i.e., edges/possible edges) and modularity (i.e., number of distinct 

node communities) for each network. These common network statistics assess the structural 
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importance of resulting networks and allow for interpretation of complex interactions (Newman, 

2006, 2003). 

 

RESULTS 

 Deep sequencing generated a combined total of 1,521,106 sequences from 49 

Symbiodinium ITS2 libraries. The quality control pipeline retained 1,211,790 Symbiodinium 

sequences (79% of the paired end reads), and after removing sequences that did not BLAST to 

the ITS2 database, 97% cluster analysis identified 88 OTUs. When BLAST analysis matched 

multiple OTUs to the same database entry, unique OTU identifiers consisting of sub-clade type 

and cluster identity (e.g., C15-81) were assigned to separate 97% sequence clusters. The majority 

of sequences (78.12%) matched to clade C Symbiodinium, with lower abundances of clades A 

(14.55%), D (7.32%) and G (< 1%). Symbiodinium clade distribution varied among coral species 

and genera (Fig. S4.1).  

 The dynamic adaptive binning algorithm of the 1H-NMR metabolomic data identified 

197 variables from aligned metabolite profiles. Of these variables, 6 signals matched to known 

compounds. These compounds were branch chain amino acids, glycine betaine, acrylate, 

adenosine, formate and trigonelline. Based on peak shapes, ppm locations and patterns, NMR 

bins falling between 1.2 and 2.3 classified as lipids, 2.3 and 3.0 as aliphatic compounds, 3.0 and 

5.0 as carbohydrates, and 7.0 and 10.0 as aromatic metabolites. The presence of these 

metabolites varied among coral taxa (Fig. S4.2). 

 To measure variation in Symbiodinium communities and metabolite profiles and quantify 

the relationships between samples, nMDS scaling plots modeled Bray-Curtis dissimilarities 

among coral taxa for both datasets. The resulting ordinations visually clustered coral samples 

into genera and species groupings for both Symbiodinium community assemblages (Fig. 1A) and 

metabolite profiles (Fig. 4.1B). ANOSIM test results (p < 0.001) support these groupings, 

indicating that there are significant differences in Symbiodinium consortia and metabolite 

composition among taxa. Furthermore, the significant Procrustes test (p< 0.001, r = 0.75) 

indicates sample dissimilarities observed in the nMDS ordinations are congruent (Fig. 4.1C).  

 To test if coral-associated Symbiodinium sequence diversity reflects metabolite profiles, 

OPLS regression compared Simpson α-diversity values to NMR spectra. Simpson α-diversity 

values ranged between 0.0003 and 0.62 (Fig. 4.2A), reflecting variation in the specificity of the 
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symbiosis between different coral taxa and their algal symbionts. Using these values to train an 

OPLS regression model, metabolite profiles accurately predicted 48% of the variation in alpha 

diversity (p < 0.001, Q2= 0.48; Fig. 4.2B). 

 For each species, correlation networks described the relationship between specific 

Symbiodinium partners and coral metabolite profile bins (Fig. 4.3). In each network, the node 

degree distribution, or the number of correlations to each node, follows a power-law rule, 

indicating symbiont-metabolite correlations are non-random and exist in a “scale-free, small 

world” (Table 4.1; Fig. S4.3). This meets assumptions that justify further investigation of 

symbiont-metabolite relationships (Barabási and Oltvai, 2004; Newman, 2003). Overall, coral 

species harboring diverse Symbiodinium partners (e.g., Pocillopora and Montipora) have more 

significant correlations (edges) between Symbiodinium and metabolite nodes then their less 

diverse counterparts (e.g., Porites and Acropora). Variation in node correlations reflects network 

topologies, where networks modeling diverse Symbiodinium communities have higher 

modularity but lower density than corals hosting less diverse consortia (i.e., corals hosting less 

diverse Symbiodinium communities exhibit lower modularity). Therefore, networks originating 

from corals with multiple symbionts have more within cluster edges than between cluster edges 

creating symbiont-metabolite groups that do not share nodes (Fig. 4.3C-F; Table 4.1). 

 Networks across coral species are primarily comprised of metabolite correlations with 

clade C Symbiodinium (86.1%), and fewer connections to clades A (4.3%) and D (9.6%) 

symbionts (Table S4.1). Clade D Symbiodinium more often negatively correlate to metabolite 

components (64%), showing significant negative relationships with carbohydrates, branch chain 

amino acids (BCAA) and lipid compounds (Fig. 4.3E; Table S4.2). At the sub-clade level, 

networks reveal variation in the number and sign of correlations between Symbiodinium sub-

types and metabolites (Fig. 4.3; Table S4.1; Table S4.2). Even when comparing closely related 

subtypes (i.e., types blasting to the same database entry), the networks reveal that similar 

sequences do not necessarily co-occur with the same metabolites and these patterns vary among 

coral taxa (Fig. 4.3). 
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DISCUSSION 

Symbiodinium communities are correlated to metabolite profiles 

 In this study, Symbiodinium-metabolite interactions in nine coral species examined the 

influence of endosymbiont community composition on coral metabolic intermediates and 

products. The results demonstrate a strong link between Symbiodinium community composition 

and metabolic pathways. Analysis of both Symbiodinium communities and coral metabolite 

profiles grouped samples into species and genera specific clusters, where closely related taxa 

share both similar small compounds and algal partners. The Symbiodinium community and 

metabolomic data expand on past findings that report coral species-specific differences in 

symbiont communities (Putnam et al., 2012) and metabolite composition (Sogin et al., 2014) by 

demonstrating a congruent relationship between coral-Symbiodinium partners and metabolite 

profiles.  

 Coral metabolite profiles reflect variation in the specificity of coral-Symbiodinium 

relationships. Metabolite composition is a good indicator of different levels of Symbiodinium 

diversity. This relationship is predictable, suggesting we can estimate partner composition based 

on metabolite data and begin to characterize Symbiodinium function. Our findings are not 

surprising considering corals associate with multiple Symbiodinium types (Rowan and Knowlton, 

1995) and are known to confer varying quantities of photosynthate (i.e., translocated organic 

compounds) to their hosts in vitro (Stat, Morris, et al., 2008). Furthermore, in culture, 

Symbiodinium taxonomic variation links to metabolite production, where different symbiont 

clades produce distinct small compounds (Klueter et al., 2015; Withers et al., 1982). The 

correlation results demonstrate partner composition at the type level is strongly related to coral 

colony metabolic processes, allowing for further investigation of these relationships in hospite. 

 

Symbiodinium-metabolite correlation networks reveal functional variation in endosymbiont 

diversity and performance 

 Positive and negative Symbiodinium-metabolite interactions were observed in each coral 

species, supporting the link between coral endosymbiotic algal communities and small 

compound profiles (Fig. 4.3). Our study is one of the first to detect unique symbiont-metabolite 

communities in hospite. Network modules detected in Montipora and Pocillopora species (Fig. 

4.3) identify unique signatures of metabolite correlation corresponding to the different 
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Symbiodinium types. Differences in network topologies are related to variation in Symbiodinium 

sequence diversity, where corals hosting diverse communities have more symbiont-metabolite 

modules or groups then their less diverse counterparts (Table 4.1; Fig 4.3). These groups identify 

differences in the functionality of the symbionts. For instance, across networks C15 co-occurs 

with high abundances of lipids and branch chain amino acids (BCAA). Contrastingly, C3 and 

C21 are both correlated with carbohydrates, but negatively related to BCAA and C21 is anti-

correlated to lipids (Table S4.2). Distinct patterns in individual symbiont-metabolite pairings 

suggest that even closely related symbiont subtypes occur with different compounds (Fig 4.3G). 

Our detailed amplicon sequencing and metabolomics profiling approach allow us to detect these 

signals from mixed communities for the first time. 

 Mixed endosymbiotic communities likely compete for similar resources, promoting niche 

partitioning among endosymbionts and potentially withholding nutrients from the host (van 

Baalen and Sabelis, 1995; Frank, 1996). Intense Symbiodinium competition may result in the 

production or consumption of small compounds promoting self-fitness, and consequently leading 

to networks with distinct symbiont-metabolite communities. Diverse communities may also 

harbor ‘cheaters’, where some symbiotic partners consume more resources then they are 

allocated (Chao et al., 2000), and outcompete their conspecifics. For instance, we know clade A 

Symbiodinium opportunistically partners with Acropora spp, but contributes less photosynthate 

to the coral (Stat, Morris, et al., 2008). Acropora spp typically associate with many different 

Symbiodinium partners (Silverstein et al., 2012; Correa et al., 2009), however in this study clade 

A dominated our Acropora corals (Fig. S2). Our results are consistent with a recent 

pyrosequencing study showing Acropora species in Western Australia are highly specific 

(Thomas et al., 2014). Despite being the dominant clade in association with Acropora, we 

observed relatively few significant correlations between clade A Symbiodinium and metabolites 

(Fig. 3A&B), effectively reducing the complexity of Acropora networks. The lack of clade A 

symbiont-metabolite interactions in Acropora sp1 and the negative correlation between A1 and 

carbohydrates in Acropora sp2 suggests that these partners do not convey a strong nutritional 

benefit to Acropora, further supporting the characterization of clade A as parasitic (Stat, Morris, 

et al., 2008; Lesser et al., 2013). 

 Nutritional provisioning is not the only benefit Symbiodinium provide to corals. 

Flexibility in Symbiodinium communities may benefit corals by allowing them to shuffle or 
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switch their symbionts between maximum nutritional benefit with lower thermo-tolerance, and 

increased thermo-tolerance with lower nutritional benefit, (e.g., to match their environment and 

enhance their ability to withstand stress; Buddemeier and Fautin, 1993; Kinzie III et al., 2001; 

Guest et al., 2012). For instance, sub-clade type D1 is associated with coral thermal-tolerance, 

but is normally competitively excluded by clade C Symbiodinium, a nutritionally beneficial 

symbiont, which typically forms symbioses with corals in warm, turbid waters (Baker et al., 

2013; Stat and Gates, 2011). Our symbiont-metabolite networks reveal that the majority of D 

symbionts are negatively correlated to metabolites. Specifically, when D is present, coral profiles 

contain fewer lipids, carbohydrates, and BCAA (Fig. 3E). These compounds maintain energy 

reservoirs, support metabolism, and are the building blocks for cell structural and protein 

components. Consequently, our data suggest clade D may be suppressing host metabolism and 

comprising coral nutrition, adding support for the hypothesis that clade D Symbiodinium is an 

opportunistic endosymbiont (Stat and Gates, 2011). 

 Corals are highly dynamic organisms, exhibiting significant variation in their 

morphology, ecological performance and symbiotic relationships within and among taxa (Gates 

and Ainsworth, 2011; Loya, 2001; Yost et al., 2013). These associations vary among corals hosts 

and between different Symbiodinium types. Our Symbiodinium-metabolite correlation networks 

highlight the intricacy of coral-Symbiodinium unions by revealing detailed patterns in algal-

biochemical relationships among species. Our networks show that the same Symbiodinium sub-

type is associated with different small compounds even in closely related species. For instance, 

C15 occurs in all 9 coral species and is generally positively correlated to metabolites (Table 

S4.1). However, even when comparing C15-metabolite correlations across Porites we find this 

sub-type co-occurs with different types of compounds (Fig. 4.3 G-I).  These data indicate the 

metabolic relationship between corals and symbionts are highly variable and that the host 

influences Symbiodinium-metabolite correlations. We expect network patterns to vary across 

taxa because different coral hosts confer varying quantities and types of nitrogen resources (i.e., 

‘host factor’) to their symbionts, thought to control symbiont abundances (Trench, 1971; Gates et 

al., 1999, 1995; Sutton, 1990).  

These patterns in small compound correlations may help explain observed variation in 

coral-Symbiodinium performance under environmental perturbation. For example, clade 

differences drive variation in photosynthate production, release (Stat, Morris, et al., 2008), and 
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coral growth (Little et al., 2004). Additionally, sub-clade differences in Symbiodinium 

assemblages differentially influence host-bleaching susceptibility, where corals hosting some C 

sub-clade types (C78 and C8/a) appear less likely to bleach then others (C79 and C35/a; 

Sampayo & Ridgway 2008). Our results indicate that even closely related symbionts have 

significantly different metabolite communities and this finding helps to reconcile key 

performance issues in corals, for example, the variation in bleaching response among colonies 

and taxa (Loya, 2001; Hoegh-Guldberg and Salvat, 1995; Marshall and Baird, 2000).  

 

CONCLUSIONS 

 By integrating Symbiodinium community composition and metabolite profile data, we 

can for the first time investigate the functional roles of coral associated Symbiodinium 

communities in hospite. Our results show metabolite profiles correlate with Symbiodinium 

communities and are impacted by coral endosymbiont diversity. Considering corals rely on 

Symbiodinium to maintain and build reef ecosystems, metabolite correlations to endosymbionts 

demonstrate functional variation in coral partner composition and impact on colony health. 

Global climate change poses a significant threat to the survival of tropical reefs, prioritizing 

efforts to identify symbiotic partners that enhance coral resistance and resilience (van Oppen et 

al., 2015). Integration of metabolite and Symbiodinium community data identify symbiotic 

partners that alter metabolic pathways of corals and impact colony performance. Finally, we 

present a framework to describe the metabolic impact of mixed symbiotic communities in 

eukaryotic hosts. 
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FIGURES 

Figure 4.1. Symbiodinium community composition and metabolite profiles are correlated. 
nMDS score plots showing separation of coral species due to differences in (A) Symbiodinium 
community composition and (B) metabolite profiles. ANOSIM p-values testing for significant 
differences are reported. (C) Procrustes error analysis comparing coral associated metabolite 
profiles (triangles) and Symbiodinium communities (circles). Connecting lines represent sample 
similarities between nMDS ordinations of Symbiodinium communities and metabolite profiles.  
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Figure 4.2. Metabolite profiles can predict different levels of Symbiodinium diversity. A) 
Boxplots showing the range of Simpson α-Symbiodinium sequence diversity values for each 
coral species and (B) a scatter plot comparing OPLS predicted log10 α-sequence diversity values 
from metabolite profiles to measured log10 transformed indices. The gray line is a 1:1 
representation of the data to facilitate comparison. The OPLS regression model predicted up to 
48% of the variation in Symbiodinium sequence diversity from metabolite composition (Q2 = 
0.48, p < 0.01). Coral species are indicated by the color key in Figure 4.1. 
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Figure 4.3. Species-specific Symbiodinium-metabolite correlation networks highlight the 
complexity of coral-algal endosymbiosis. Metabolite-Symbiodinium abundance networks were 
created independently for each coral species (Fig. 4.3A-I). The average relative abundances of 
the major Symbiodinium clades for each coral are reported in each panel. Black, gray, and white 
nodes represent 97% sequence OTU clusters from clades C, D and A Symbiodinium, 
respectively. OUT sequence nodes are labeled by subtype. NMR bins categorized by metabolite 
classes and specific compounds are represented by colored nodes. Significant (p< 0.05) positive 
(ρ > 0.6, green edges) and negative (ρ < -0.6, red edges) correlations between Symbiodinium and 
metabolites are visualized. Distance between nodes indicates similarity of node relationships.  
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TABLES 

Table 4.1. Correlation network statistics  

Coral Species Network Modularity* Density Average 
Degree 

Acropora sp1 0.249 (2) 0.087 1.818 
Acropora sp2 0.417 (2) 0.152 1.667 

Montipora aequituberculata 0.778 (7) 0.031 2.194 
Montipora sp 0.892 (12) 0.024 2.769 

Pocillopora acuta 0.579 (5) 0.055 2.653 
Pocillopora meandrina 0.786 (8) 0.038 2.203 

Porites irregularis 0.488 (4) 0.064 1.778 
Porites lobata 0.64 (3) 0.068 2.061 

Porites rus 0.394 (2) 0.105 1.778 

* Modularity is a measure of structure among groups of nodes, where high values correspond to 
more densely connected communities (values in parentheses) 
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SUPPORTING INFORMATION 
 
Figure S4.1. Symbiodinium sequence composition in each coral sample. Bar chart showing 
relative abundances of Symbiodinium clades measured in each coral individual. Breaks within 
each bar (denoted by black lines) represent distinct ITS2 sub-types.  
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Figure S4.2. Representative 1H-NMR profiles. Mean 1H-NMR profiles from (A) Acropora 
sp1, (B)  Acropora sp2,  (C) Montipora aequituberculata, (D) Montipora sp, (E) Pocillopora 
acuta, (F) P. meandrina, (G) Porites irregularis, (H), P. lobata, and (I) P. rus. NMR spectra 
were normalized to extract weights and log2 transformed to facilitate visualization. 6 metabolites 
were identified including 1 – Branch chain amino acids, 2 – Glycine Betaine, 3 – Acrylate, 4 – 
Adenosine, 5 – Formate, and 6 – Trigonelline. Unidentified peaks were classified into metabolite 
classes based on ppm location: Lipid region= 1.2  – 2.3, Aliphatic region= 2.3 – 3.0, 
Carbohydrate region = 3.0 – 5.0, Aromatic region = 7.0 – 9.0.  
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Figure S4.3. Node degree distributions. Histograms depicting node degree distributions for (A) 
Acropora sp1, (B) Acropora sp2, (C) Montipora aequituberculata, (D) Montipora sp, (E) 
Pocillopora acuta, (F) P. meandrina, (G) Porites irregularis, (H), P. lobata, and (I) P. rus. 
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Figure S4.4. Symbiodinium-metabolite networks reproduced from Fig. 4.3 with 97% OTU 
cluster names. OTU nodes are labeled by clade subtype and OTU identifier.  
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Table S4.1. Correlation network descriptions  

*Only 97 % clusters present in at least 2 networks are reported 

Coral species No. of nodes in 
networks 

No. of significant 
correlations 

% Positive 
correlations 

% Negative 
correlations 

Acropora sp1 22 20 75% 25% 
Acropora sp2 12 10 40% 60% 

Montipora 
aequituberculata 91 126 42% 58% 

Montipora sp 93 102 51% 49% 
Pocillopora acuta 49 65 49% 51% 

Pocillopora 
meandrina 59 66 70% 30% 

Porites irregularis 33 34 66% 34% 
Porites lobata 27 24 46% 54% 

Porites rus 18 16 81% 19% 
Symbiodinium Clades    

Clade A 2 21 52% 48% 
Clade C 53 422 52% 48% 
Clade D 6 47 36% 64% 

Symbiodinium Subtypes    
C21 15 130 49% 51% 
C15 14 115 59% 41% 
C3 7 59 54% 46% 
D1 6 48 33% 67% 
C42 4 40 50% 50% 
C* 3 21 76% 24% 
C1 3 13 92% 8% 

C31 3 7 57% 43% 
A1 2 21 52% 48% 

C1206 1 3 100% 0% 
C1208 1 1 100% 0% 
C131 1 6 0% 100% 

97% OTU Cluster*      
C15-81 9 73 64% 36% 

C42.2-38 4 40 50% 50% 
C3.15-87 4 34 65% 35% 

C21.21-61 2 30 33% 67% 
C21.18-84 3 15 80% 20% 

C3.14-1 2 22 41% 59% 
A1-32 2 21 52% 47% 

C21.20-86 2 18 72% 28% 
C15-33 2 17 65% 35% 

C21.20-18 2 14 50% 50% 
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Table S4.2. Summary of Symbiodinium subtype –metabolite correlations for C15, C3, C21, A1, 
and D1 subtypes  

Symbiodinium 
Sub-clade Type Metabolite No. of 

correlations 
% 

Positive 
% 

Negative 

C15 Lipids 17 82% 18% 

 Carbohydrates 50 50% 50% 

 Aromatics 1 0% 100% 

 Aliphatics 13 31% 69% 

 BCAA 16 94% 6% 

 Adenosine 1 0% 100% 

 Trig 1 100% 0% 

 Formate 1 100% 0% 

 GlyB 1 100% 0% 
C3 Lipids 14 57% 43% 

 Carbohydrates 23 61% 39% 

 Aliphatics 12 33% 67% 

 BCAA 3 0% 100% 

 GlyB 1 0% 100% 
C21 Lipids 26 42% 58% 

 Carbohydrates 61 54% 46% 

 Aliphatics 31 42% 58% 

 BCAA 5 40% 60% 

 GlyB 2 50% 50% 

 Aromatics 2 0% 100% 

 Trig 1 100% 0% 

 Formate 1 100% 0% 

 Acrylate 1 0% 100% 
A1 Lipids 7 86% 14% 

 Carbohydrates 8 38% 62% 

 Aliphatics 6 33% 67% 
D1 Carbohydrates 13 23% 77% 

 BCAA 4 0% 100% 

 Lipid 7 14% 86% 

 GlyB 2 0% 100% 

 Aromatic 3 67% 33% 

 Aliphatic 10 80% 20% 

 Acrylate 2 0% 100% 

*BCAA = Branch chain amino acids 
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CHAPTER 5 

GENERAL SUMMARY AND SYNTHESIS 

 

 Anthropogenic stressors threaten the long-term persistence of coral reef ecosystems, 

jeopardizing the essential goods and services they provide to people. Given recent global 

declines in coral reefs, it is necessary to develop new techniques that evaluate coral performance 

and metabolic state and provide information regarding coral responses to disturbance events. By 

integrating new molecular approaches with monitoring and restoration efforts, it is feasible to 

assess reef health in a proactive framework that allows managers to rapidly respond to 

disturbance events and mitigate damage to coral reef ecosystems.  

 To understand coral metabolic pathways, it is important to collect information describing 

metabolite composition and how it changes in the face of perturbations. However, we lack the 

necessary tools to collect comprehensive snapshots of coral metabolite composition. My 

dissertation aims to describe cellular metabolic pathways and advance our understanding of 

holobiont biology by developing metabolomic tools for reef-building corals. I present the first in 

depth metabolomic investigation into the biology of corals, their responses to ecological 

disturbances, and functional variation of endosymbiotic partners. Here, I present the major 

findings from my study questions and provide insight into future research directions.  

 

Q1: Are 1H-NMR metabolomic techniques reproducible within and between coral colonies? 

• 1H-NMR metabolomic methods are reproducible for reef-building corals. Spectra from 

Porites compressa exhibit low profile variation and uniform PCA clustering patterns. 

RSD scores, characterizing variation in 1H-NMR bins, were low for technical (median 

14.2%) and within colony replicates (median 15.2%), but higher for between colony 

samples for both extraction techniques (median 35% and 38%). These results 

contextualize future 1H-NMR metabolomic experiments by showing that metabolite-

profiling methods exhibit low analytical variation.  
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Q2: Can compound spikes be recovered at different concentrations from coral 1H-NMR 

metabolite profiles?  

• Porites compressa 1H-NMR profiles contain commonly occurring coral metabolites 

(glucose, alanine, and glycolic acid). But, when comparing individual metabolite 

abundances between treatment groups (no spike, 0.1 mM, 10 mM), only individual peaks 

from the 10 mM spike were significantly different. Signal overlap and noise in 1H-NMR 

profiles constrains the ability to detect small differences (< 0.1 mM) in metabolite 

concentrations. However, a multivariate statistical analysis of complete 1H-NMR profiles 

found significant differences between all three-treatment groups. Consequently, it is 

better to analyze full 1H-NMR profiles, rather than single peaks, to detect small 

differences in metabolite concentrations.  

 

Q3: Are 1H-NMR metabolite profiles different among coral taxa? 

• Coral 1H-NMR spectra are species-specific. When comparing spectra from Porites 

lobata, Seriatopora hystrix, Montipora aequituberculata, and Pocillopora damicornis, 27 

different metabolites separated metabolite profiles. However, only 4 of these compounds 

(i.e., alanine, trigonelline, and threonine/lactate) were successfully matched to signals in 

the Chenomx database. While NMR metabolomics can detect biologically meaningful 

differences in metabolite profiles, it is still challenging to use these detection techniques 

to identify specific compounds underling patterns in coral biology.  

 

Q4: Do elevated temperature and pCO2
 conditions induce shifts in coral metabolite profiles? 

• Experimental temperature and pCO2 conditions significantly alter Pocillopora 

damicornis lipid and primary metabolite profiles (measured using mass spectrometry 

techniques). Changes in coral metabolite composition with prolonged stress exposure 

suggest P. damicornis individuals are altering cellular metabolic pathways to maintain 

homeostasis. Primary metabolite composition is also predictive of net photosynthesis, 

indicating there is an underlying relationship between metabolites and coral physiological 

response to stress. Corals reprogram carbohydrate chemistry, remodel cell membranes, 

and shift signaling compounds in response to elevated treatment conditions.  
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Q5: Are coral associated Symbiodinium communities correlated to holobiont metabolite profiles? 

• Holobiont 1H-NMR metabolite profiles correlate to endosymbiont communities and can 

predict different levels of Symbiodinium diversity. Species-specific Symbiodinium-

metabolite correlation networks show that corals associated with more diverse 

communities have more complex networks revealing distinct symbiont-metabolite 

interactions among different algal sub-clade types. These networks also reveal variation 

in the nutritional relationship between corals and their Symbiodinium partners. Clade C 

Symbiodinium comprise the majority (86%) of symbiont-metabolite correlations, with 

few relationships between clades A and D to metabolite profiles. Clade D is more often 

then not negatively correlated to coral metabolites, showing significant negative 

relationships with carbohydrates, branch chain amino acids (BCAA) and lipid 

compounds. Even when clade A is the dominant symbiont type, there are very few 

correlations with metabolite composition. Finally, closely related Symbiodinium sub-

types have different metabolite correlation patterns, which vary among coral taxa.  

 

SIGNIFICANCE OF FINDINGS  

Development of metabolomic tools for reef-building corals  

 Comprehensive metabolite profiling tools for corals are still in their infancy. To date, 

several groups have completed coral metabolomic investigations to develop analytical protocols 

(Gordon et al., 2013), measure the diversity of complex compounds (Garg et al., 2014), 

understand lipid regulation (Dunn et al., 2012), and assess variation in Symbiodinium metabolite 

production (Klueter et al., 2015). However, Chapter 2 is the first untargeted application that 

validates metabolomic techniques for corals and demonstrates their capacity to detect 

biologically relevant differences among species. The novel metabolite profiling methods 

presented in Chapter 2 enable researchers to document shifts in coral metabolite composition 

across time and ecological conditions. Given that 1H-NMR metabolite profiling methods are 

inexpensive (< $10 / sample) and relatively easy to obtain, managers can implement them as a 

reef-wide monitoring tool to measure shifts in coral metabolic states. This will help managers 

and conservationists to mitigate damage on reefs by identifying regions that should receive 

enhanced protection. Finally, because metabolomics measures downstream products of gene 

regulation and modification (Dunn and Ellis, 2005), it can integrate with other ‘omics’ level tools 
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to uncover complex pathways describing corals. Consequently, these methods enhance the 

understanding of the biological variation of these holobionts. 

 

Coral metabolite composition shifts with exposure to simulated global climate change 

conditions  

 Chronic exposure to elevated temperature and ocean acidification conditions, associated 

with global climate change (GCC), threatens the survival, growth, and reproduction of coral reef 

ecosystems (Pandolfi et al., 2011). Classic monitoring methods using estimates of morbidity and 

mortality fail to capture dynamic responses of reefs prior to degradation. Consequently, the 

development of molecular level tools that can identify suites of compounds or pathways that are 

sensitive to exposure to disturbance events would aid current monitoring approaches (Downs et 

al., 2005, 2012). Chapter 3 is the first application of metabolomics towards measuring the impact 

of GCC on reef-building corals. This work illustrates the capacity of metabolomics to predict 

coral exposure to simulated levels of environmental stress. Researchers and managers can use 

representative profiles generated from this approach to monitor the impact of GCC on reef-

building corals with minimally invasive collection techniques. Chapter 3 also identifies 

molecular pathways responding to synergistic levels of temperature and pCO2. This allows for 

the development of new hypotheses to test molecular mechanisms underlying coral physiological 

response to long-term disturbances. Future work assessing these theories can provide information 

that will help understand and ameliorate the impacts of GCC damage to reef ecosystems.  

 

Metabolomics reveals functional variation of coral Symbiodinium partners 

 The symbiosis between corals and Symbiodinium supports the survival of reef 

ecosystems. Symbiodinium taxonomic diversity reflects variation in physiology and holobiont 

performance (Gates and Ainsworth, 2011), and data imply symbiont partner contribution to host 

health is not equivalent among types (Stat et al., 2008). By integrating metabolomic profile data 

with Symbiodinium community composition, Chapter 4 highlights the functional variation of 

algal sub-clade types for the first time in hopsite. Integration of metabolite and Symbiodinium 

community data identify symbiotic partners that alter metabolic pathways of corals and impact 

colony performance. Finally, Chapter 4 presents a framework to describe the metabolic impact of 

mixed symbiotic communities in eukaryotic hosts. 
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Conclusions 

 Overall, my dissertation highlights the feasibility and capacity of metabolomics to 

describe coral biology. It provides support for future experiments investigating dynamics in coral 

metabolic pathways and provides a means to rapidly detect stress on reefs. Anthropogenic 

stressors threaten the survival of coral reefs. The tools generated from my dissertation can help 

mitigate damage to reef ecosystems by helping to monitor the biological consequences of 

environmental disturbance and describe mechanisms underlying changes in coral health. By 

furthering our understanding of coral biology through molecular characterization of stress 

response pathways, we can better target restoration efforts.  

 

FUTURE DIRECTIONS 

 During the course of my dissertation, I identified several areas of research that merit 

future investigations. New efforts addressing these topics will advance metabolomic research in 

corals.   

 

1. Is the metabolomic response of corals to elevated temperature and pCO2 conditions reflected 

in coral transcriptomic profiles?  

 In Chapter 3, we identified several general metabolic pathways that respond to elevated 

temperature and pCO2 conditions. However, metabolites contribute to many cellular processes 

that underpin overall metabolism. Consequently, we were unable to determine which specific 

pathways treatment conditions are regulating. One solution to identify specific pathways needed 

to maintain cellular homeostasis is to use a systems biology framework and combine 

metabolomic and transcriptomic data. This will provide multiple pieces of evidence supporting 

our research results and give a more complete picture of coral cellular responses to GCC. 

To address this issue, we have collected and annotated transcriptomic profiles in parallel with the 

metabolomics data presented in Chapter 3.  

• Putnam, HP, Sogin EM, Belcaid M, Anderson PA, and Gates RD (In Prep) A systems 

biology approach towards understanding the response of Pocillopora damicornis to 

simulated global climate change conditions 
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2. Do coral-associated microbial communities impact holobiont metabolite composition?  

 In addition to Symbiodinium partners, corals also associate with other microbial 

communities, including bacteria, viruses, archaea and fungi. These communities likely impact 

coral metabolism and shift metabolite composition (Wegley et al., 2007; Kelly et al., 2014). Yet, 

no data is available investigating differences in the nutritional contribution of other microbial 

partners to coral metabolic status. Using samples collected from Chapter 4, we are analyzing 

microbial community composition from each individual to determine how coral microbial 

partners are impacting holobiont metabolite composition. These data also allow us to assess co-

occurrence patterns between coral associated Symbiodinium partners and bacteria symbionts, 

which is informative to understanding the regulation of symbiotic partners comprising the 

holobiont.  

• Sogin EM, Nelson C and Gates RD (In Prep). The impact of microbial communities on 

coral metabolite profiles  

• Sogin EM, Nelson C and Gates RD (In Prep). Co-occurrence of bacteria partners with 

Symbiodinium communities 

 

3. Can we create a community database to house coral-specific metabolite information? 

 Throughout this dissertation, our capacity to identify specific compounds limits the 

functional understanding of coral metabolite composition. To advance metabolomic studies in 

reef corals, it is necessary to create, maintain and curate a central metabolite database for corals. 

Metabolite databases should include metabolite chemical properties for both NMR and MS data 

and provide detailed information describing known ecological functions of metabolites in corals.  
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