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ABSTRACT
Dissolved organic matter (DOM) comprises diverse compounds with variable bioavailability across aquatic ecosystems. The 
sources and quantities of DOM can influence microbial growth and community structure with effects on biogeochemical pro-
cesses. To investigate the chemodiversity of labile DOM in tropical reef waters, we tracked microbial utilisation of over 3000 un-
targeted mass spectrometry ion features exuded from two coral and three algal species. Roughly half of these features clustered 
into over 500 biologically labile spectral subnetworks annotated to diverse structural superclasses, including benzenoids, lipids, 
organic acids, heterocyclics and phenylpropanoids, comprising on average one-third of the ion richness and abundance within 
each chemical class. Distinct subsets of these labile compounds were exuded by algae and corals during the day and night, driv-
ing differential microbial growth and substrate utilisation. This study expands the chemical diversity of labile marine DOM with 
implications for carbon cycling in coastal environments.

1   |   Introduction

Microbial metabolism of marine dissolved organic mat-
ter (DOM) has a major influence on the global carbon cycle 

(Carlson and Hansell  2014). The marine DOM pool stores 
over 600 Pg of reduced carbon, a reservoir comparable to the 
amount of carbon dioxide in the atmosphere (Hansell 2013), 
and the fate of DOM is a key determinant of the metabolic 
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balance of aquatic ecosystems (Duarte and Cebrián  1996). 
Fluxes of marine DOM depend on the biological reactivity of 
various molecules, referred to as lability, determined by the 
interplay of chemical structure and the metabolic potential 
of marine microbes (Carlson and Hansell  2014; Azam and 
Malfatti 2007). Defining the types of molecules that comprise 
the labile DOM pool is a major question in marine biogeo-
chemistry (Moran et al. 2016).

Coral reefs offer an effective testbed to explore the diversity 
and lability of marine DOM because dense populations of 
evolutionary divergent benthic organisms support high pri-
mary production that is tightly recycled by diverse micro-
bial communities (Nelson et al. 2023). Previous studies have 
characterised subsets of coral reef DOM, highlighting differ-
ences in production and exudation among a variety of coral 
and benthic macroalgal taxa in terms of bulk DOC, dissolved 
combined neutral sugars, fluorescent signatures and solid-
phase-extracted pools (Nelson et  al.  2013; Haas et  al.  2013; 
Quinlan et al. 2019, 2018). Recent advances in the extraction 
and analysis of marine DOM pools using high-resolution un-
targeted mass spectrometry have enabled the identification 
and differentiation of a greater proportion of these DOM com-
pounds (Dittmar et  al.  2008; Wegley Kelly et  al.  2022, 2021; 
Koester et  al.  2022; Nothias et  al.  2020; Petras et  al.  2017). 
For example, a recent study comparing exudates of corals and 
algae contrasted higher nitrogen and phosphorus contents in 
coral DOM with algal DOM exhibiting more reduced nominal 
oxidation states of carbon, increasing potential energy gained 
during catabolism (Wegley Kelly et  al.  2022). Yet, little is 
known about the bioavailability of compounds that comprise 
these complex DOM pools or how the chemical properties of 
distinct exudate pools influence the metabolism of consumers 
(Repeta and Aluwihare 2024).

Exudates of coral reef organisms are well established as con-
taining measurable quantities of labile DOM (Brocke et al. 2015) 
that fosters the rapid growth of ambient microbial communi-
ties (Nelson et  al.  2023; Haas et  al.  2011). Experimental work 
has demonstrated that fresh exudates of algae and corals elicit 
distinct microbial communities through differential enrich-
ment of specific heterotrophic taxa (Nelson et al. 2013; Weber 
et al. 2022), and the general patterns of enrichment have been 
recapitulated observationally in surveys of coral-dominated and 
algal-dominated reefs (Haas et al. 2016; Glasl et al. 2019; Apprill 
et al. 2021; Wegley Kelly et al. 2014). Microbial growth rates and 
efficiencies have been shown to differ between coral and algal 
exudates in 1–2 days of incubations (Nelson et  al.  2013; Haas 
et al. 2013), suggesting that the labile DOM components differ 
between the two organismal classes and consistent with the idea 
that those labile components are metabolised by different path-
ways (Haas et al. 2016). Evidence demonstrating significant diel 
swings in microbial community composition in reefs (Wegley 
Kelly et al. 2019), when coupled with recent demonstrations of 
diel differences in DOM production and composition in the day 
and night (Wegley Kelly et al. 2022; Mueller et al. 2022), points 
towards significant diel differences in the labile DOM pools ex-
uded by corals and algae on reefs. Together, these discoveries 
suggest that exploring variation in labile DOM production and 
composition day and night from benthic primary producers will 
have implications for organic matter cycling in coastal oceans.

Determining the lability of DOM generated by different coral 
reef constituents may help resolve how widespread benthic 
phase shifts from stony corals to fleshy algae alter the reef water 
chemistry and initiate positive feedback loops that diminish the 
growth and resilience of reef-building organisms. Coral reef hab-
itats dominated by fleshy macroalgae exhibit elevated microbial 
concentrations and metabolic shifts towards copiotrophic strat-
egies that alter trophic energy flow, a process termed microbial-
isation (Haas et al. 2016; McDole et al. 2012). Growing evidence 
indicates that greater microbial loads on algal-dominated reefs 
are associated with increased bacterial carbon demand and less 
efficient catabolic pathways (Nelson et al. 2013; Haas et al. 2016; 
Roach et al. 2017). This heterotroph-dominated metabolic state 
results in higher concentrations of opportunistically pathogenic 
taxa and higher prevalence of coral disease and mortality (Smith 
et al. 2006; Dinsdale et al. 2008; Mao-Jones et al. 2010). The rates 
of production and chemical composition of the labile DOM in 
reefs are likely to be a key regulator of the disrupted nutrient 
recycling and pathogenesis during microbialisation, and under-
standing how reefs change in labile DOM production and con-
sumption during phase shifts is crucial for future management 
(Nelson et al. 2023).

To identify and classify a broader range of labile compounds in 
marine DOM pools and achieve a better understanding of or-
ganic carbon transformation in coral reef environments, we in-
troduced newly produced DOM substrates to marine microbes 
in dilution culture experiments. The organic exudates (exome-
tabolomes) derived from five common benthic primary produc-
ers were characterised before and after a 2-day degradation of 
bioavailable DOM compounds by resident marine microbes. We 
tracked the differential growth of microbial communities on the 
various exudate pools as well as shifts in taxonomic profiles. Our 
report includes the identification of nearly 200 molecular fami-
lies comprising more than 1200 ion features that were bioavail-
able to marine microbes; these exometabolites were putatively 
classified into compound superclasses spanning eight broad 
chemical designations and nearly 50 narrow compound sub-
classes. Distinctions between the amounts of various classes of 
labile exometabolites were generated by different primary pro-
ducers translated to differences in microbial community growth 
rates and taxonomic composition. Finally, this study illustrated 
differential production and utilisation of labile exometabolites 
within daytime and nighttime DOM exudate pools.

2   |   Methods

2.1   |   Organism Collection and Aquaria Design

Two species of reef-building (i.e., skeleton depositing) and zo-
oxanthellate coral (Pocillopora verrucosa and Porites lutea/lo-
bata complexes), turfing algae, crustose coralline algae (CCA) 
and the brown macroalgae Dictyota ceylanica were collected 
in Moorea, French Polynesia, between 11 and 14 September 
2017 from the backreef lagoon (17°28′55″ S, 149°50′43″) at 
depths between 2 and 5 m. Organisms were transplanted to a 
flow-through seawater system at the Richard B. Gump South 
Pacific Research station within an hour of collection and al-
lowed to acclimate within the flow-through system for a min-
imum of 2 days underneath shade cloth to reduce irradiance 
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(Wegley Kelly et  al.  2022). Surface area measurements of 
coral and turf were conducted using calliper estimations and 
generalised geometric shapes following previously described 
methods (Wegley Kelly et  al.  2022). CCA and Dictyota were 
determined using imageJ; Dictyota was wet weighed, dis-
mantled and imaged to estimate the weight-to-surface-area 
relationship. Organism surface areas were standardised to 
roughly 1000 cm2 within each exudation aquaria.

2.2   |   Primary Producer Exudation

On 16 September 2017, six polycarbonate aquaria (10 L each) 
were established adjacent to each other in a single flow-through 
water table to maintain stable temperature around all aquaria 
(Figure  1a); one aquarium was established for each of the five 
benthic primary producer organisms (Pocillopora, Porites, CCA, 
Turfing algae and Dictyota) and a sixth aquarium containing 
only seawater (Control). The six seawater-leached and acid-
washed aquaria were filled with 0.22-μm filtered offshore water 
(collected > 1 km north of the forereef of Mo'orea); polyether-
sulphone filters (SUPOR, Cytiva) were first flushed with 1 L of 
seawater to remove plasticisers. Exudation aquaria were recir-
culated using pre-cleaned and leached Rio Aqua 50+ pumps. 
Aquaria were held at a constant 10-L volume by balancing the 
inflow and outflow collection of exudate water. Beginning at 
06:00/20:00 (day/night, respectively), water was pumped through 
sample flushed acid-washed platinum cured silicone tubing at 
33 mL per minute for an approximate residence time of 5 h; exu-
dates were harvested continuously by outflow pumping flushed 
0.22-μm Sterivex filters (Millipore) into acid-washed polycar-
bonate carboys maintained at ambient temperatures in the dark. 
Daytime and nighttime exudates were thus harvested continu-
ously over the respective 9-h periods in the day (6:00–15:00 on 
16 September) and again at night (20:00–05:00 on 18 September).

2.3   |   Microbial Metabolism of Exudates

Dark incubation experiments were used to examine microbial 
metabolism of exuded DOM. Immediately following the re-
spective daytime or nighttime exudation period, the collected 
exudates from each of the six aquaria were inoculated to one-
third whole ambient backreef water (collected from the same 
location as the specimens within the 6 h prior to inoculation), 
mixed and aliquoted within 1 h to four replicate 1-L acid-
washed and sample-rinsed polycarbonate bottles, which were 
stored in a sealed, dark container in a flow-through water 
table for 48 h. Sampling was initiated within 2 h of inocula-
tion. Flow cytometry samples were collected by pipet (1 mL 
amended with 16 μL of 32% PFA (EMS), mixed by inversion, 
snap-frozen) at roughly 0, 4, 8, 16, 24, 32, 40 and 48 post sam-
ple inoculation during the incubations of day and night exu-
dates, respectively. At time zero (T0) and time final (TF, 48-h), 
water was harvested for DNA and metabolite measurement 
via peristaltic pumping. T0 samples were taken in replicate 
from each exudate inoculation (n = 6) for both daytime and 
nighttime exudate incubations for a total of 24 T0 samples. TF 
samples were taken from the four replicate dilution cultures 
for each exudate inoculation and diel cycle for a total of 48 TF 
samples. Platinum cured silicone sampling pump lines were 

flushed with 10 mL of sample followed by a further flushing of 
150 mL through 0.22-μm polyethersulphone filter cartridges 
(Sterivex). After flushing, the filtrate was collected in acid-
washed triple-sample rinsed 2-L polycarbonate bottles and 
acidified to pH 2. Acidified metabolites were further extracted 
using Agilent PPL cartridges, which had been prepped and 
activated following (Dittmar et al. 2008). In parallel with the 
metabolite sampling, the filtrate was additionally collected 
and analysed for bulk dissolved organic carbon (DOC) (fur-
ther explained within the Data  S1). After sample collection, 
Sterivex filters were pumped dry with air, PPL cartridges were 
dried with nitrogen gas, and both the Sterivex filters and PPL 
cartridges were frozen at −40°C.

2.4   |   Enumeration of Microbial Concentrations

Flow cytometry was used to measure total nucleic acid–
stained cell concentrations following previously described 
methods (Quinlan et  al.  2019). Samples were thawed, and 
200 μL were aliquoted into u-bottomed 96-well autosampler 
plates and stained with SYBR Green I stain for a final concen-
tration of 1×. Samples were analysed on an Attune Acoustic 
Focusing Cytometer with Autosampler Attachment (Life 
Technologies, Eugene, OR, USA). Samples were run at a flow 
rate of 100 μL min−1 on standard sensitivity; 150 μL of sample 
was aspirated, 75 μL was counted and data were collected only 
from the last 50 μL (event rates were empirically determined 
to be steady only after 25 μL of continuous sample injection) 
(Nelson et al. 2015).

2.5   |   DNA Extractions and Sequencing

Microbial DNA was extracted from Sterivex filters using the 
NucleoSpin Tissue purification kit following the manufacturer's 
protocol (Macherey-Nagel). We amplified the V3–V4 region of the 
16S rRNA gene using polymerase chain reaction following the 
protocols outlined within (Kozich et al. 2013) and the 341F and 
785R primers recommended by (Klindworth et al. 2012). The re-
sultant sequences were analysed with mothur (v. 1.39.5; (Schloss 
et al. 2009)) following standardised pipelines (described within 
(Arisdakessian et  al.  2020; Jani et  al.  2021)). Sequence reads 
were denoised using DADA2 (Callahan et al.  2019), aligned to 
the SILVA database (v. 132) and subsequently clustered to a 97% 
sequence identity operational taxonomic units (OTUs) (VSearch 
distance-based greedy clustering algorithm; (Rognes et al. 2016)). 
Sequences were randomly subsampled from each sample at a 
read depth of 8500 to standardise sampling effort.

2.6   |   Untargeted Mass Spectrometry 
and Molecular Networking

Frozen PPL columns were thawed and DOM was eluted with 
2-mL LC–MS-grade methanol, dried via vacuum centrifuga-
tion and redissolved in 100-μL MeOH:-water (80:20, LC–MS 
grade). DOM was analysed using reverse-phase ultra-high-
performance liquid chromatography high-resolution tandem 
mass spectrometry in positive mode on an electrospray injection 
(ESI) quadrupole-orbitrap mass spectrometer (as described in 



4 of 16 Environmental Microbiology, 2025

FIGURE 1    |    Experimental approaches to characterise the diversity and lability of exometabolites derived from corals and algae. Panel (a) shows 
the conceptual design of the experiments run both day and night. Panel (b) is a molecular network of all exometabolite features coloured by ChemOnt 
superclass annotation; subnetworks outlined in black were statistically depleted in 48-h dilution cultures and deemed labile. Subnetworks visualised 
in panel c are circled in red. Panel (c) illustrates examples of subnetworks that decreased in ion intensity (labile) or remained static (recalcitrant) in 
48-h dilution cultures. Panel (d) is a sunburst plot depicting the proportions of subnetworks assigned to each superclass and the percentage that were 
defined as labile (data detailed further in Table S1). N.S., non-significant.
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the Data S1 and Wegley Kelly et al. 2022). Feature-based molec-
ular networking through MzMine 2 (as described in the Data S1 
and (Pluskal et al. 2010)) and the global natural product social 
molecular networking (Wang et al. 2016) was utilised to build 
a molecular network from all 20,742 features observed within 
the dataset (Wegley Kelly et al. 2022; Nothias et al. 2020; Wang 
et al. 2016; Aron et al. 2020; Schmid et al. 2021).

2.7   |   Metabolomic Data Curation

Ion features identified using liquid chromatography tandem mass 
spectrometry (LC–MS/MS) were filtered through a series of four 
filtering steps both global (applied across all features independent 
of treatment) and local (applied within treatments; Figure  S1). 
First, two global filters were applied to remove ion features from 
all samples. First, Background Features were classified as those 
with an average intensity across all samples less than double the 
maximum intensity of that feature in Method blanks (blank water 
ran through the sampling system in parallel with samples to col-
lect background contamination); (12). Second, Transient Features 
were classified as features with intensities greater than 2*105 
(double the defined noise threshold) in fewer than three samples; 
(12). After both Background (n = 6899) and Transient (n = 3238) 
features were removed from the global dataset, the remaining ion 
features (n = 10,605) were filtered through specific focusing steps 
to locally reduce each treatment dataset to abundant exometabo-
lite features as follows (Figure S1). An exometabolite criterion was 
used to classify features as Organismal Exometabolites if mean T0 
log10 organism: control was greater than 1, following the concep-
tual guidance of (Wegley Kelly et al. 2022).

2.8   |   Subnetwork Reactivity

Molecular subnetworks, clusters of ion features with high spec-
tral similarity (cosine score ≥ 0.7; 25), were classified based on 
reactivity by testing if abundant features (maximum intensity 
> 1 SD above the mean) within each subnetwork were, on av-
erage, recalcitrant (non-changing) or labile (decreasing abun-
dance). Subnetwork average feature change was evaluated using 
a linear mixed model to test if abundant ion features within a 
subnetwork changed significantly on average from starting to 
ending time points separately in each daytime and nighttime 
48 h of incubation, specified as (log10 XIC~Timepoint + (1|Orga
nism) + (1|Feature)), where log10 XIC is the base 10 logarithm of 
the feature peak area or extracted ion chromatography inten-
sity; to evaluate relative rather than absolute change, intercepts 
were allowed to vary among each feature (Feature) in each ex-
udate treatment (Organism). Labile exometabolite features were 
defined as those abundant exometabolites belonging to labile 
subnetworks; because individual ion features were classified 
separately for each of the six treatments, the subset of labile ex-
ometabolites differs in each treatment (Figure S1).

2.9   |   Ion Feature Annotation

Elemental composition and putative compound classes were 
predicted for each feature using SIRIUS 4. Molecular formulas 

were predicted using SIRIUS and reranked within the ZODIAC 
workflow (Ludwig et al. 2020, 2018). Compound classes based 
on ClassyFire from ChemOnt ontologies were predicted using 
the CANOPUS workflow (Dührkop et  al.  2021). Molecular 
spectra were given library and analogue annotations by spec-
tral matching against public and commercial libraries via the 
feature-based molecular networking (Wegley Kelly et al. 2022; 
Nothias et al. 2020) workflow with cosine similarity thresholds 
of 0.7 and 0.8, respectively. Next, we utilised molecular subnet-
works, defined within FBMN as clusters of paired ion features 
with high spectral similarity (cosine score ≥ 0.7). By leveraging 
the ability of subnetworks to cluster compounds of similar spec-
tral characterisation, we established putative consensus anno-
tations through the comparison of node annotations within the 
subnetworks using the ConCISE framework using CANOPUS 
predicted chemical classes (Quinlan et al. 2022).

2.10   |   Statistical Analyses

All post-processing of exometabolite intensity, bacterial cell 
growth and microbial community composition was anal-
ysed using in-house-written R pipelines (using Tidyverse, 
data.table, DescTools, readxl, CHNOSZ, ggpubr, vegan, ape, 
RColorBrewer; (Wickham, Averick, Bryan, et  al.  2019; Dowle 
et al.  2019; Signorell et al.  2019; Wickham, Bryan, Kalicinski, 
et  al.  2019; Dick  2019; Kassambara and Kassambara  2020; 
Dixon 2003; Paradis et al. 2004; Neuwirth and Neuwirth 2011)), 
which are openly available on Github (github.​com/​zquin​lan/​
DielR​eefEn​richm​ents). Sequence reads were converted to rela-
tive abundance within each sample and filtered to only those 
OTU's that were either abundant (> 5.0% abundance in a single 
sample) or prevalent (abundance > 0.1% in at least three sam-
ples). OTUs were curated to only those that had a higher relative 
abundance in at least one organism treatment above the water 
control, prior to running any statistics. To capture the dynamic 
portions of the microbial community, a non-parametric, two-
way permutational analysis of variance was utilised to contrast 
OTU abundance between both organism and diel treatments 
(relative abundance~Organism*Diel).

The specific growth rate of microbial communities was cal-
culated as (ln(cellmax)−ln(T0))/Tmax, where the cellmax was 
calculated at the timepoint when the microbial load peaked 
as each community exhibited independent growth curve dy-
namics (Figure S2). Before statistical analysis, all ion feature 
intensity was transformed to approximate a Gaussian distri-
bution (log10). Microbial relative abundances were unable to 
be transformed to approximate Gaussian distributions be-
cause the data are inherently 0 biased; all microbial data were 
analysed with non-parametric analyses. Microbial and metab-
olomic dynamics were contrasted between coral and fleshy 
algae using a linear mixed model controlling for organism as 
a random effect, excluding CCA (response variable~organism 
type*diel + (1|Organism); Figure 6). All p values reported were 
FDR-corrected (Benjamini and Hochberg  1995). The Bray–
Curtis dissimilarities of summed consensus subclasses were 
used for the metabolite PCoA shown in Figure  5. Weighted 
Unifrac distances were used for microbial composition PCoA 
shown in Figure S3a,b.

http://github.com/zquinlan/DielReefEnrichments
http://github.com/zquinlan/DielReefEnrichments
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3   |   Results

3.1   |   Production and Measurement of Coral 
Reef-Derived Exometabolites

To generate freshly produced DOM in coral reef waters, or-
ganic exudates were separately harvested both day and night 
from five benthic primary producer taxa prevalent across 
the reefs in Mo'orea, French Polynesia: Two species of her-
matypic coral (Pocillopora verrucosa and Porites lutea/lobata 
complexes), one crustose coralline algae (CCA, Hydrolithon 
reinboldii), one brown macroalgae (Dictyota ceylanica) and a 
mixed assemblage of turfing algae (Figure 1a). Bulk DOC pro-
duction ranged between 76.76 and 97.27 μm C in the day and 
80.03 and 94.37 μm C in the night (Figure  S2). There was a 
significant difference between organism treatment bulk DOC 
(two-way ANOVA Organism p value ≤ 3.34*10^−5), but there 
was no significant drawdown between timepoints (two-way 
ANOVA Timepoint p value > 0.05) or interaction of timepoint 
and organism (two-way ANOVA Organism*Timepoint p value 
> 0.05). After tandem mass spectral analysis (LC–MS/MS) 
of solid-phase-extracted DOM pools, a total of 10,605 unique 
ion features were retained after removing features present in 
process blanks and transient ion features (Figure S1). Roughly 
one-quarter of these features, 3693 during the day and 3511 
at night, were statistically identified as abundant exudates of 
one or more benthic primary producers (i.e., exometabolites, 
as described by Wegley Kelly et al. 2022; 12; Figure S1). Each 
benthic producer released a minimum of 400 exudate features 
either day or night, with Dictyota releasing the most (nearly 
1500 features during the daytime incubations); these numbers 
are consistent with previous exudation experiments (Wegley 
Kelly et al. documented 1667 exudate features total from sim-
ilar benthic organisms with more than 400 features released 
from any organism in a single incubation; 12).

3.2   |   Defining Bioavailability of Primary Producer 
Exometabolites

To determine the bioavailability of exometabolites to reef mi-
crobes, samples for DOM composition were collected at the 
start and end of replicated 48-h dilution cultures (Ammerman 
et  al.  1984; Hagström et  al.  1984) where each filter-sterilised 
exudate pool was inoculated with ambient reef microbes at a 
2:1 ratio, respectively (Figure  1a). Structurally similar ion fea-
tures were clustered to form molecular families or subnetworks 
(Figure 1b) using the Global Natural Products Social Molecular 
Networking (GNPS; 42) platform (Nothias et  al.  2020; Wang 
et al. 2016; Schmid et al. 2021). Each molecular family subnet-
work was assigned a putative consensus hierarchical annota-
tion (Superclass, Class, Subclass from the ChemOnt chemical 
ontology; (Djoumbou Feunang et  al.  2016)) based on second-
ary ion fragmentation pattern database identifications and in 
silico structural predictions utilising the ConCISE framework 
(Dührkop et al. 2021; Quinlan et al. 2022). A total of 3250 abun-
dant exometabolite features (2569 day and 2044 night, Figure S1) 
clustered into 1856 subnetworks or molecular families (Nothias 
et  al.  2020; Wang et  al.  2016), of which roughly half (1145) 
were single-feature subnetworks (single loop nodes). Roughly 

one-quarter of the subnetworks were classified (525). The largest 
proportions of classified subnetworks were assigned either as lip-
ids (25.4%) or as organic acids (21.1%), with smaller proportions 
of heterocyclics, oxygen, nitrogen or benzenoid superclasses 
(2.3%–4.7%); less than three subnetworks each were classified 
as phenylpropanoid, lignin, nucleoside or alkaloid superclasses.

A central question of this research was to determine what 
proportion of these molecular families (subnetworks) are 
bioavailable and whether those that are readily metabolised 
tend to be associated with just a few of the broad categories 
of chemical superclasses. The reactivity of each molecular 
subnetwork in each benthic exometabolite treatment pool 
was defined as labile or recalcitrant based on the consistency 
of the change in the mean ion feature intensity from start to 
end of the 48-h experiment (Figures 1c and S1; linear mixed 
model FDR p < 0.05). Roughly one-quarter of the subnetworks 
were characterised in this manner as being labile (529%, or 
27%), comprising 1180 (36%) of the exometabolite ion features 
(similarly, one-quarter of the subset of single loop nodes were 
labile: 274 of 1145). Labile exometabolite subnetworks were 
found distributed evenly across diverse chemical superclasses 
(Figure 1c); averaged across day and night exudation experi-
ments, more than 30% of the subnetworks in the lipid, hetero-
cyclic, and nitrogen superclasses were labile, with at least 15% 
of the subnetworks and ion features statistically labile in each 
of the other superclasses (Table S1).

3.3   |   Daytime Exudation of Broad Chemical 
Classes of Labile Exometabolites From Reef 
Organisms

The total quantity (ion intensity) of exometabolites in the day-
time was variable among the five organisms (Figure  2a; one-
way ANOVA p = 0.006). The proportion of the exometabolites 
classified as labile was similarly variable across the organisms, 
ranging from 50.7% to 64.6% of the summed ion intensity and 
varying up to 13.9% among organisms (Figure 2a). Aggregating 
subnetworks at the broadest chemical classification (superclass), 
we found significant differences in the overall composition of la-
bile DOM released in the day by each benthic primary producer 
in both proportional ion intensities (Figure 2b; PERMANOVA, 
p = 0.0010) and total ion intensities (Figure  2c; PERMANOVA, 
p = 0.0012). Qualitative compositional differences indicated 
that both species of corals and the fleshy algae Dictyota labile 
exometabolite pools were dominated by organic acids during 
the day (40%–62% of total ion intensity), with turf dominated 
by organoheterocyclic compounds (53%) and CCA dominated 
by organic nitrogen compounds (52%; Figure 2b). We found sig-
nificant quantitative differences among organisms in the total 
ion intensity of labile exometabolites released in the daytime of 
four of the six dominant superclasses (Figure 2c; Tukey post hoc 
alpha = 0.05): organic acid production was different among each 
producer, CCA produced significantly less labile benzenoids, 
organic acids and lipids than the other producers, and the coral 
Porites produced significantly less organic nitrogen compounds 
than all other organisms. No significant differences were found 
among organic oxygen compounds or organoheterocyclic com-
pounds (Figure 2c).
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3.4   |   Contrasting Day and Night Production 
of Broad Classes of Labile Exometabolites From 
Reef Organisms

Similar to patterns in daytime labile exometabolite production, 
the total ion intensity of exometabolites at night was signifi-
cantly different among the five organisms (Figure  2a; one-
way ANOVA p < 0.001). In contrast to daytime exudation, the 
proportion of the exometabolites classified as labile was less 
variable across the organisms, ranging from 49.5% to 58.1% of 
the summed ion intensity and never varying more than 8.6% 
among organisms (Figure 2a). We explored the hypothesis that 
various reef benthic producers alter the composition of their 
labile exudates on a diel basis by comparing the proportional 
and absolute concentrations of labile superclasses during day 
and night exudations. As with daytime exudation, there was 
a significant difference between the nighttime organismal 
production of superclasses both proportionally (Figure  2b: 
PERMANOVA p < 0.001) and by total ion intensity (Figure 2c: 
PERMANOVA = 0.001). Qualitatively, there was a consistent in-
crease in the proportional lipid production across all organisms 
tested at night (to 44%–70% of labile DOM), with a correspond-
ing reduction in proportions of organoheterocyclic compounds 
(less than 5%; Figure  2b). These patterns were reinforced in 
quantitative data with significant overall diel shifts and diel 
changes in organismal production via two-way ANOVA (diel 
and diel:organism p < 0.05; Figure  2c). Heterocyclics particu-
larly decreased at night in both fleshy algal and Porites treat-
ments, while lipids particularly increased in Pocillopora and 
CCA (p ≤ 0.05; Figure 2c). There were a few notable day–night 

shifts in the production of individual labile superclasses, par-
ticularly by fleshy algal taxa: Benzenoids were differentially 
enriched between the fleshy algae, with Dictyota enriched at 
night and Turf enriched in the daytime, and the Dictyota treat-
ment showed a diel change in organic acids, significantly en-
riching them during the day (p < 0.05; Figure 2c).

3.5   |   Differential Removal of Labile Organismal 
Exometabolites Between Day and Night

We next tested the hypothesis that the microbial metabolism of 
labile exometabolites would differ among organismal exudate 
pools and between day and night exudates. To examine the mi-
crobial transformation of labile exometabolite pools produced 
by different reef organisms, we compared the mean summed 
ion intensity (XIC) of all depleted exometabolite subnetworks 
from each replicate incubation bottle at the initial (n = 2) and 
final (n = 4) timepoints (Figure 3a). The magnitude of both day-
time and nighttime labile exometabolites removed by microbes 
over the 48-h incubation was similar between treatments, ex-
cept for the Pocillopora treatment where significantly more of 
the ion intensity was removed from labile subnetworks at night 
(Figure  3a; Tukey adj. p < 0.05). Small diel differences in the 
microbial removal of labile exometabolite pools were found 
in CCA, where significantly more labile DOM was removed 
in the daytime, and in both coral species, where significantly 
more labile DOM was removed at night; no diel differences in 
labile DOM removal were observed in either of the fleshy algae 
(Figure 3a).

FIGURE 2    |    Amounts and superclass composition of labile exometabolites released from coral reef benthic primary producers. Panel (a) shows 
the mean summed ion intensity of exometabolites in the day and night and the proportion belonging to labile subnetworks. Panel (b) depicts the ion 
intensity proportions (pie slices) and total amount (pie size) of labile exometabolites annotated to each superclass. Panel (c) illustrates the mean ion 
intensity of labile exometabolite features from each organism day and night within each superclass. ANOVA p values comparing organism means are 
noted for daytime and nighttime exudate pools. Asterisks denote pairwise diel differences by the Tukey post hoc testing. All bars denote the mean of 
technical replicates, and whiskers are standard errors of the mean.
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3.6   |   Differential Microbial Growth on Day 
and Night Exometabolite Pools Among Corals 
and Algae

Past work has demonstrated greater microbial community 
growth rates and higher cell yields on algal exudates than 
coral exudates (Nelson et al. 2013; Haas et al. 2013), but those 
exudates were not generated in continuous flow-through con-
ditions as was done here. To understand how microbial com-
munities grow differentially on exometabolites, we tracked 
cell abundances using flow cytometry roughly every 5–10 h 
over the 48-h incubation period (Figure  S3). Both mean spe-
cific growth rates (calculated over the 24-h exponential growth 
period) and peak cell yields (at 24 h) differed significantly 
among exometabolite pools both day and night (ANOVA 
p < 0.001; Figure  S3a) and were always significantly greater 
than water controls (Dunnet's post hoc test, p < 0.001). The 
highest specific growth rates on daytime exudates were found 
in algae (Dictyota 1.62 day−1, turf 1.75 day−1, CCA 1.54 day−1), 
with rates in coral treatments (Pocillopora 1.44 day−1, Porites 
1.29 day−1) significantly lower. Nighttime incubations had 
significantly lower growth rates and yields than daytime in-
cubations in all three algal exometabolite pools (p < 0.001; 
Dictyota 1.24 day−1, Turf 1.22 day−1, CCA 1.04 day−1), whereas 
Pocillopora exudate-enriched microbial communities grew 
faster at night (p = 0.0068; 1.60 day−1) and there was no sig-
nificant diel change in microbial growth on exometabolites of 
Porites (p > 0.05; 1.32 day−1).

To investigate the degree of influence of the labile exometabo-
lites observed within this experiment on microbial community 
growth, we tested if the total labile exometabolite consump-
tion predicted the microbial specific growth rate among 
the various organismal and diel pools (Figures  3b and S3b). 
Across all experiments, labile exometabolite depletion was cor-
related with specific growth rate (p = 0.0005, Figure 3b). This 

correlation was clear and consistent across the coral incuba-
tions (p = 0.0007), with increased growth rates and labile ex-
ometabolite removal of night exudates but was not significant 
in the algal exometabolites (p = 0.054), where elevated daytime 
growth rates were not associated with a measurable increase 
in exometabolite removal (Figure 3b). There was no significant 
correlation between total labile exometabolite utilisation and 
specific growth rates within the daytime exometabolite pools 
(p = 0.38; Figure  S3b); labile pool total depletion explained 
61.6% of the variance in specific growth rate in the two coral 
treatments (p = 0.0129) but not among the three algal species 
(p = 0.561). In contrast, nighttime exometabolite drawdown 
explained 47.1% of the variation in specific growth rate across 
all coral and algal organismal treatments (p value = 0.0005; 
Figure  S2b). Taken together, these results point toward the 
coupling of labile DOM utilisation and microbial growth on 
both night and day coral exometabolites, whereas microbial 
growth on the algal exometabolites was uncoupled during the 
daytime. We predict that this pattern was fuelled by labile sub-
strates produced by benthic algae that fall outside of our ana-
lytical window (i.e., compounds with low binding to the PPL 
resin or outside of our mass range).

3.7   |   Microbial Community Differentiation During 
Growth on Coral Reef Exometabolites

To test the hypothesis that labile exometabolites drive shifts in 
the microbial community composition (e.g., 7, 20), taxonomic 
profiles were collected from each bottle at the start and end of 
each dilution culture. In daytime exometabolite incubations, 
the composition of the microbial communities in all benthic ex-
ometabolite treatments changed significantly more than in the 
water control over the course of the dilution culture experiment 
(Figure  S4; Mann–Whitney U of weighted unifrac distances p 
value < 0.00067), demonstrating a community shift in response to 

FIGURE 3    |    Microbial utilisation of labile exometabolites released from corals and algae. Panel (a) shows the summed XIC from labile exometab-
olite features in each bottle at the start (squares, n = 2) and end (triangles, n = 4) of each incubation. The right panel is annotated with the pairwise 
post hoc testing of differences between organisms (connecting letters) and day vs. night within each organism (asterisks) at alpha = 0.05. Panel (b) 
demonstrates a significant regression (linear model p < 0.05) between the mean labile exometabolite utilisation (from right side of panel a) and mean 
microbial community specific growth rates in each treatment day and night (see Figure S2 for additional analyses).
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labile exudates. After 48 h, the microbial community structure ex-
hibited distinct associations with the daytime organismal exudate 
pools that facilitated their growth (Figure 4; Table S2). Coral treat-
ments enriched for Thallasobius (Rhodobacteraceae), NS9 marine 
clade (Flavobacteriales), OM60 (Halieaceae) and an unclassified 
OTU within the family Rhodobacteraceae (Figures  4 and S4c, 
Table  S2). Fleshy algal exudates enriched for an unclassified 
OM43 (Methylophilaceae) and Donghicola (Rhodobacteraceae; 
Figure 4). Although Figure 4 contrasts fleshy algae with corals, all 
algal exudates, including CCA, additionally enriched for Nautella 
(Rhodobacteraceae) and an unclassified OTU within the family 
Cryomorphaceae (Flavobacteriales). Daytime treatment commu-
nity evenness on fleshy algae (Peilou's evenness 0.542 ± 0.120; 
Figure S4c) was significantly lower than on the Pocillopora and 
Porites corals (Tukey FDR p value ≤ 2.3e-6; Figure S4c), indicating 
more selective enrichment of a subset of taxa on algal exometabo-
lites relative to corals.

In the fleshy algae treatments, nighttime microbial compo-
sition shifts exhibited a reduced response to exometabolites, 
consistent with the dampened growth rates relative to daytime 

exometabolites. Over the course of the dilution culture exper-
iment, only the microbial communities of the two corals and 
CCA changed significantly compared to the water control 
(Figure  S4b; Mann–Whitney U of weighted unifrac distances 
p value < 0.00216), whereas the fleshy macroalgae (Dictyota) 
and Turf treatments did not engender a strong microbial com-
munity response (Mann–Whitney U of weighted unifrac dis-
tances p value = 0.8518). The nighttime microbial community 
in both coral treatments became dominated by a single strain 
of Rhodobacteraceae (unclassified beyond family level resolu-
tion), which was specific to the night treatment. Because this 
taxon became so prevalent in the cultures, community evenness 
in the night treatment was diminished from 0.638 to 0.303 in 
Pocillopora and from 0.640 to 0.422 in Porites (Figure S4c; two-
sided t-test p value ≤ 0.00294). The three algae communities 
were not substantially permuted between day and night exome-
tabolite treatments, with the most prevalent taxon represented 
by the same Cryomorphaceae but at a lower magnitude at night 
(Figure 4; Table S2), indicating that nighttime algal exometabo-
lites conferred less selective pressure on the microbial commu-
nity composition than the daytime labile exometabolites.

FIGURE 4    |    Differential enrichment of specific microbial taxa on daytime and nighttime exudates between corals and fleshy algae. Both x and y 
axes range from −1 to 1 corresponding to exclusive enrichment by coral or algae (x-axis) and by nighttime or daytime exometabolites (y-axis). Relative 
selectivity calculated from relative abundances of operational taxonomic units (OTUs). Microbial taxa are coloured if the taxon had a significant 
effect of organism or diel interaction from a two-way ANOVA. Microbial taxa are shaped as sun or moon if the taxa had a significant effect of diel 
cycle or organism interaction. All non-significant taxa are conversely plotted as grey circles. All points are sized by the mean relative abundance of 
the identified treatment and denoted by taxonomic designation if the mean relative abundance was greater than 0.3 in any one treatment or above 
0.01 with an organism specificity value (x-axis) greater than 0.5 or less than −0.5.
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3.8   |   Differential Composition of Labile Coral Reef 
Exometabolites Between Day and Nighttime

The overall shifts in the bulk labile exometabolite production 
and diel variability among benthic producers were further re-
solved by exploring more granular compositional shifts in the 
labile exometabolite pools. Although the coral reef organisms 
within this experiment produced labile compounds within the 
same superclass structural families (Figure 2), the quantity and 
composition of subnetworks within these categories were much 
more variable (Figures 5 and S5). To identify specific types of la-
bile exometabolites released by corals and algae during daytime 
and nighttime on tropical reefs, we examined the characteris-
tics of the 178 subnetworks that were successfully annotated by 
ConCISE (out of 529 total labile subnetworks) belonging to 48 
distinct compound types at the subclass level of the ChemOnt 
ontology (Figure S5). We visualised patterns in the abundance 
of these labile subclasses using multidimensional scaling 
(Figure  5a) and PERMANOVA, quantifying significant differ-
ences in multidimensional subclass composition among organ-
isms (p ≤ 0.002) as well as between the two corals and two fleshy 
algae (p ≤ 0.009, daytime r2 = 0.34205, nighttime r2 = 0.46272; 
Figure  5a). We also observed a significantly smaller diel shift 
in the labile exometabolite pools of the two coral species than 

in the three algal species (Figure  5b). Together, these more 
granular compositional results are consistent with organismal 
and diel differences in both total labile exometabolite produc-
tion (Figure 2a) and superclass labile exometabolite production 
(Figure 2b,c). The differences between corals and algae and day 
and night qualitatively mirror patterns in labile exometabolite 
removal (Figure 3a) as well as microbial responses (Figures 3b 
and 4), demonstrating a greater diel variance in algae than in 
corals (Figure 5a).

We resolved a suite of chemical subclasses of varying specific-
ity to the exometabolite pools from the various reef organisms: 
some subclasses only released by one or two organisms, some 
released more by corals vs. algae and some released widely but 
in different amounts by each organism. We predicted that some 
of these compounds would be preferentially released during the 
day or night in certain benthic producers. Indeed, of the 48 labile 
exometabolite subclasses, roughly one-third (Brocke et al. 2015) 
were unique to a single organism (Figure S5). Two subclasses 
(each comprising a single subnetwork) were produced consis-
tently both day and night by just one organism: Terpene lactones 
(prenol lipids) by Dictyota and alcohol/polyols (organooxygen 
compounds) by CCA, suggesting that these may be unique to 
those organisms. Another 16 were produced in only one diel 

FIGURE 5    |    Chemical subclasses of labile exometabolites differ between corals and fleshy algae with greater diel shifts in algal exudates. Panel 
(a) uses non-metric multidimensional scaling to depict replicate labile exometabolite pools of each organism in the day and night according to the ion 
intensity of chemical subclasses. Panel (b) uses hierarchical clustering of 13 selected labile exometabolite at the subclass level to illustrate drivers of 
the pattern in panel (a). The subclasses shown in panel (b) were those annotated to at least class level and quantitatively above average abundance 
(average XIC greater than 2e7 or the 50% quantile of mean XIC across exometabolite pools). Ion intensities (XIC) were standardised (z-scored) and 
clustered with Ward's minimum variance method using Euclidean distances. Panel (c) shows the raw labile exometabolite intensities from subnet-
works representative of the subclasses shown in panel (b).
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period by one organism, including 4 each from CCA, Dictyota 
and Pocillopora at night and another 4 by just a single organism 
in the day (Figure S5). These subclasses that were uniquely pro-
duced by single organisms at specific times almost all comprised 
just one molecular family/subnetwork and were spread evenly 
across five of the six main superclasses (there were no unique 
organonitrogen compounds). There were no unique compounds 
released by Turf or CCA, consistent with our understanding of 
the cryptic diversity of these tissue types that may include small 
amounts of macroalgae and other epiphytes. Taken together, 
these results point to considerable specificity in compound 
classes comprising the labile exometabolite pools of coral reef 
primary producers.

The results from this study also reveal the existence of wide-
spread labile exometabolite classes in reefs that are differentially 
enriched among the exudates of various benthic primary pro-
ducers day and night. Of the 30 labile exometabolite subclasses 
that were produced by more than one organism, roughly half 
(Petras et al. 2017) differed significantly among the various ex-
ometabolite pools in either the day or night (p < 0.05; random 
effect of subnetwork). Among those with differential organismal 
production, roughly half again (Quinlan et  al.  2019) differed 
significantly between the exudates of fleshy algae and corals 

(p < 0.05; random effect of subnetwork and organism). To visual-
ise how these widespread labile compounds are enriched among 
different producers, we used hierarchical clustering (Figure 5c) 
to qualitatively organise relative enrichment or depletion of the 
most abundant and significant annotated labile exometabolite 
subclasses. The clustering pattern reiterates and illuminates 
the ordination patterns in Figure 5a, demonstrating three clear 
clusters of labile exometabolite pools: coral exudates, nighttime 
algal exudates and daytime algal exudates. The coral exudates 
are defined by the enrichment of fatty acyls (fatty acid esters 
and linoleic acids), carboxylic acids and glycerophosphoetha-
nolamines. The nighttime algal exudates are enriched in diter-
penoids, peptides and additional types of fatty acyls (including 
fatty amides), while in the daytime, algal exudates are enriched 
in prenol lipids, amines and two types of organoheterocyclic 
compounds (indoles and triazines).

4   |   Discussion

Characterising the DOM pool, specifically the labile por-
tion, has proven to be exceptionally difficult due to the short 
residence time of labile carbon sources (Cherrier et  al.  1996; 
Carlson et  al.  2004, 2002). Because of this rapid degradation, 

FIGURE 6    |    Corals and fleshy algae exhibit consistent diel differences in labile exometabolite production and microbial utilisation that drives 
differential microbial community shifts. Each response metabolite and microbial community metric is grouped based on whether coral and fleshy 
algae change similarly (e.g., both increase) or in opposingly (e.g., coral increases, fleshy algae decrease) between night and day. For the opposing dy-
namics (left), a cartoon version of coral or fleshy algae indicates which organism treatment increased at night. For the metrics that changed similarly, 
a cartoon sun or moon indicates during which diel period each metric was highest.
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the detection of labile DOM in nature is often entirely missed, 
and instead, we only observe the effects of its consumption (e.g., 
microbially sourced metabolites, microbial community com-
position; 5). To our knowledge, this is the first study to employ 
untargeted tandem mass spectrometry to broadly characterise 
labile compounds within the marine DOM pool. Our DOM dilu-
tion culture experiment showed that labile compounds released 
by coral reef primary producers were not limited to a few chem-
ical families but rather included representation across 8 of the 
16 superclass categories (Figures  1 and S5). Moreover, exuda-
tion of labile DOM from these categories differed day and night 
by benthic producer: both coral and fleshy algae released more 
bioavailable lipids and organic nitrogen compounds at night, 
Dictyota algae produced higher intensities of labile organic acids 
during the day, while both fleshy algae and Porites released 
higher intensities of labile heterocyclic compounds during day 
1 (Figure  2). By linking metabolite utilisation with microbial 
community growth, our study further showed that coral-derived 
labile exometabolites enhanced specific growth rates both day 
and night, while algae-derived labile metabolites had a signifi-
cant impact on microbial growth during the day but not at night 
(Figures 3 and S3). These effects translated to the degree of selec-
tion in microbial communities, with daytime algal exudates im-
posing stronger selection (reduced evenness) and coral exudates 
more selective at night, enriching a single Rhodobacteraceae 
OTU (Figures  4 and S4). Our study describes how coral reef 
primary producers selectively facilitate the growth of specific 
heterotrophic microbial communities through the exudation 
of structurally distinct labile exometabolites (Figures  2 and 5) 
that are subsequently transformed during microbial metabolism 
(Figures 3 and 4). This work can thus guide the generation of fu-
ture hypotheses about key compounds that drive the microbial 
carbon cycle in aquatic ecosystems (Moran et al. 2016).

Consistent with previous work (Wegley Kelly et  al.  2022), 
roughly one-quarter of the ion features found in this untargeted 
analysis of seawater around coral reef benthic primary produc-
ers were defined as exometabolites, with each organism releas-
ing more than 400 distinct compounds. This emphasises the key 
role of benthic producers in coastal ecosystems and their contri-
bution to the organic carbon pool. Untargeted approaches have 
great potential to complement targeted quantification of ex-
ometabolites (Weber et al. 2022) by expanding the diversity and 
complexity of the chemical ecology of these critical ecosystems 
(Nelson et  al.  2013; Weber et  al.  2020). Using machine learn-
ing algorithms to predict structural characteristics of molecu-
lar families (Dührkop et al. 2021), we additionally documented 
clear patterns in the types of compounds released by different 
coral reef producers, demonstrating that most exudates were 
mainly lipids and organic acids, with significant portions of het-
erocyclics, benzenoids and organic oxygen and nitrogen com-
pounds but with clear biases: corals tended to release more labile 
lipids (both day and night) and algae more heterocyclics during 
the day. We expanded this further by demonstrating that all reef 
organisms increased the production of lipids and organic nitro-
gen compounds and reduced the production of heterocyclics at 
night, generating new hypotheses about diel shifts in coral reef 
microbial ecosystems.

This study further expands on this concept by demonstrating 
that a significant fraction of these exometabolites are labile: 

roughly half of the total amount and diversity of exometabo-
lites released by benthic organisms belong to labile molecular 
families in both the day and night. This reinforces the emerg-
ing view of freshly produced DOM as being largely labile and 
rapidly metabolised by microbial communities (Goldberg 
et al. 2017; Romera-Castillo et al. 2011) and provides a quanti-
tative structural framework for how consistent this proportion 
is across diverse phyla of benthic primary producers. Crucially, 
our study demonstrates that at least 15% of the compounds in 
each superclass category of the ChemOnt found in this study 
are labile, suggesting that lability is not constrained only to spe-
cific types of compounds or size classes as is commonly thought 
(Benner and Amon 2015). The specific compound classes com-
prising the labile DOM pool are largely unknown, though sev-
eral studies have predicted putative labile compounds based on 
genetic information about transporters and catabolic enzymes 
(McCarren et al. 2010; Poretsky et al. 2010; Gifford et al. 2013; 
Lidbury et  al.  2014; Durham et  al.  2015; Liu et  al.  2015). For 
example, carboxylic acids, alcohols and carbohydrates have all 
been proposed as labile substrates (Poretsky et al. 2010; Gifford 
et al. 2013). Our results are consistent with these prior studies, 
illustrating a significant drawdown of exometabolites putatively 
classified as carbohydrates, carboxylic acids and fatty acyls, 
and additionally we identified several putative triazenes, in-
doles, prenol lipids and glycerophospholipids that appear labile 
(Figures 5 and S4).

Because of the solid-phase extraction required for DOM char-
acterisation, hydrophobic classes such as lipids and lipid-like 
compounds were the most prevalent chemical entities annotated 
within our datasets and comprised one of the primary classes of 
labile compounds identified (Figure 2b,c). Fatty acids have been 
proposed as putatively labile structures based on microbial ex-
pression studies (McCarren et al. 2010), and our study found that 
a total of nine putative fatty acid subnetworks were bioavailable. 
Six of these fatty acid subnetworks were produced by at least one 
of the algae within our experiment, and the other three were 
either cosmopolitan or produced by reef-builders (Figure  S4). 
A particularly large extent of fatty acyl compounds including 
fatty acid esters and linoleic acids comprised a major fraction 
of the exometabolites produced and utilised from corals, consis-
tent with previous documentation of their presence in exudate 
pools (Wegley Kelly et al. 2022) and tissues (Mannochio-Russo 
et al. 2023), while fatty amides tended to be labile exometabo-
lites of fleshy algae. Several other lipid categories were labile, 
including prenol lipids, glycerophospholipids, ceramides and 
steroids (Figure S4). The prenol lipids and its subclasses, diter-
penoids and terpene lactones, were almost exclusively produced 
by fleshy algae (Figures 5 and S4), demonstrating the lability of 
these compounds previously shown to be released by macroal-
gae (Wegley Kelly et al. 2022). Overall, the glycerophospholip-
ids and steroids were produced by all five organisms, consistent 
with their dominance in tissue metabolomes of diverse coral reef 
organisms (Mannochio-Russo et al. 2023), while the ceramides 
were only exuded by CCA and Porites corals. Other unexpected 
labile classes include heterocyclic compounds and benzenoids 
as these ring structures are theoretically difficult to degrade (Lu 
et al. 2018; Krylov and Mamontov 2022). These data suggest that 
the breadth of labile compounds is larger than those previously 
described within the biochemical pathways of specific marine 
microbes (McCarren et al. 2010; Pontiller et al. 2020). Finally, 
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our results reinforce the idea that untargeted mass spectrome-
try can expand the current understanding about the interplay 
between DOM composition and biological lability by identifying 
new labile compound classes.

Characterisations of DOM pools in the ocean are hindered 
twofold: first, an untargeted approach identifies thousands of 
unknown ion features, providing limited annotation rates for 
previously unidentified spectra (Moran et  al.  2016; Koester 
et al. 2022; Wegley Kelly et al. 2021); and second, the solid-phase 
extraction methodology has a strong affinity for non-polar, hy-
drophobic molecules, biasing the DOM composition against 
certain compound classes, such as carbohydrates (Johnson 
et al. 2017). Consistent with the first limitation, less than 10% of 
our DOM features matched spectral databases. To expand struc-
tural predictions of DOM features, we employed the machine 
learning tool CANOPUS followed by ConCISE subnetwork con-
sensus, which raised our putative annotation rate to 53.6%. As 
spectral libraries grow and predictive algorithms are improved, 
we anticipate that the field will gain higher confidence in these 
cheminformatic approaches (Dührkop et  al.  2021; Quinlan 
et al. 2022). In addition, newer advancements such as a derivati-
sation method that has been shown to enhance the detectability 
of structurally diverse functional groups will expand the cur-
rent compositional biases from predominantly non-polar and 
hydrophobic molecules (Widner et  al.  2021). Because of these 
analytical blind spots, we likely missed relevant labile exometab-
olites produced by fleshy algae treatments during the daytime, 
such as dissolved combined neutral sugars, which have previ-
ously shown to be produced by fleshy algae (Nelson et al. 2013). 
Furthermore, while the experimental design reduced microbial 
consumption of labile exometabolites by 0.2-μm filtering the 
seawater during exudate capture, it was not possible to elimi-
nate the activity of organism-associated microbes. Finally, this 
studied untargeted approach enabled the experimental identifi-
cation of labile metabolite chemodiversity past those that have 
been previously predicted but cannot quantify the fluxes in me-
tabolite concentration (e.g., μm). This provides the opportunity 
for future studies to target specific labile metabolites identified 
herein and quantify their concentration and carbon flux.

Coral reef ecosystems are degrading worldwide by a pro-
cess referred to as microbialisation (Haas et  al.  2016; McDole 
et al. 2012). The mechanism driving this microbialisation pro-
cess is posited to involve labile DOM released by fleshy algae, 
which engenders higher microbial standing stocks and popula-
tions of microbial taxa that harness copiotrophic feeding strate-
gies, resulting in higher coral disease prevalence and mortality 
(Haas et al. 2016; Dinsdale et al. 2008; Barott and Rohwer 2012; 
Silveira et al. 2017). Daytime exudates of fleshy algae engendered 
higher microbial loads (Figure S2) and selected for genera such 
as Nautella and Donghicola (Figure 4, Table S2) that exhibit mod-
erately copiotrophic feeding strategies (Pujalte et al. 2014; Meyer 
et al. 2019; Rosales et al. 2019). In contrast, daytime coral exu-
dates selected for more oligotrophic guilds (Nelson et al. 2013; 
Brown et al. 2009) such as Prochlorococcus, NS9 marine group 
(Flavobacteriales) and OM60 (Halieaceae) (Figure 4, Table S2). 
Importantly, the growth of microbial communities on coral 
exudates was more tightly coupled to the utilisation of labile 
exometabolites in the daytime than growth on algal exudates, 
suggesting that the rapid enhancement of bacterial growth on 

algal exudates was driven by compounds outside of our analyti-
cal window such as oligosaccharides (Nelson et al. 2013).

These daytime results support prior studies on microbial re-
sponses to algal exudates (Nelson et al. 2013; Haas et al. 2013, 
2011), but achieving a mechanistic understanding of microbial-
isation requires knowledge about how benthic primary produc-
ers influence biochemical fluxes and microbial growth patterns 
over the diel cycle. Only recently have studies begun charac-
terising the microbial ecology of reefs at night, which showed 
drastic shifts in the microbial community structure of the reef 
waters (Wegley Kelly et al. 2019) and the regulation of energy 
metabolism within the coral holobiont (Linsmayer et al. 2020). 
We predict that benthic shifts in energy metabolism and metab-
olite fluxes influence the exudation of different labile exometab-
olites at night, which select for distinct microbial communities. 
In the present work, Pocillopora coral released the most labile 
metabolites in terms of both magnitude (Figures 2, 3 and S4) and 
diversity (Figures 5 and S4) at night, subsequently enriching for 
the highest microbial growth rates of any nighttime treatment. 
In both coral treatments, labile exometabolites enriched for less 
diverse microbial populations dominated by a single unclassi-
fied Rhodobacteraceae (64.4% and 73.9% abundance in Porites 
and Pocillopora; Figures 4 and 6, Table S2). This coral-selected 
Rhodobacteraceae taxon was never enriched by algal exometab-
olites, although several other taxa from the same family were 
enhanced at night in the fleshy algae treatments (Figure 4).

Compared to both corals, the fleshy algae exometabolites pro-
duced at night had less impact on their microbial communities 
in terms of both microbial growth and community composition 
(Figure  6). Additionally, labile exometabolites were both pro-
duced and depleted with greater magnitude at night in the coral 
treatments (Pocillopora and Porites; FDR p < 0.01 and p < 0.0393; 
Figures 3a and 6). There was no significant diel change in either 
the production or depletion of fleshy algal labile exometabolites 
(Dictyota and Turf; p > 0.05). The dichotomy in nighttime labile 
exometabolite production between corals and fleshy algae was 
not expected, although it makes sense biologically since fleshy 
algae rely entirely upon photosynthesis for energy acquisition, 
whereas corals can feed heterotrophically day and night to 
supplement their energetic demands (Houlbrèque and Ferrier-
Pagès 2009; Chen et al. 2013). It is also likely that in natural hab-
itats, the microbial communities enriched by Pocillopora would 
exhibit lower concentrations because coral heterotrophy directly 
consumes them (Houlbrèque and Ferrier-Pagès 2009), and this 
ecological influence represents another limitation within our 
experimental design.

To conclude, our study characterises novel labile exometabo-
lites derived from coral reef environments, illustrating large 
differences in the quantity and diversity of organic substrates 
produced by benthic primary producers. At night, corals main-
tained similar microbial growth rates through the consistent 
production of labile substrates, whereas fleshy algae reduced 
the exudation of labile compounds during the night, providing 
fewer energetic substrates to microbes at this time. This finding 
reveals an enigmatic twist to understanding the mechanisms 
underlying coral reef microbialisation and warrants further in-
vestigation. Our study further highlights the potential of untar-
geted metabolomics to expand the understanding of microbial 
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interactions with diverse types of bioavailable DOM and unravel 
the structural dynamics underpinning the lability of dissolved 
organic matter.
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