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ARTICLE INFO ABSTRACT

Monitoring of seagrass meadows is essential to inform adaptive management and address widespread declines in
seagrass ecosystems. Effective monitoring techniques require sensitive indicators that are capable of detecting
sub-lethal stressors and differentiating stress responses from background environmental variation. Here we
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Zet'al(nit')lomics explore untargeted metabolomics as a means to measure multi-parameter molecular responses of seagrass to
S“’m icator low-light stress. We subjected Zostera muelleri to reduced light scenarios (< 10% natural light) in a six-week field
eagrass . . g . .
Bioriass experiment. Biomass loss was quantified over time and leaf samples were analysed by Nuclear Magnetic

Resonance (NMR) spectroscopy to explore the effect of low-light exposure on metabolic activity. We identified
several potential bioindicators of low-light stress: a reduction of soluble sugars and their derivatives, glucose,
fructose, sucrose and myo-inositol, N-methylnicotinamide, organic acids and various phenolic compounds, and
an increase in some amino acids. These signals were evident even amongst a noisy background of environmental
variation and are consistent with inhibition of photosynthesis. Metabolite profiles showed a more consistent
response to low-light stress than to biomass loss. These results suggest that metabolomics measurements may be
useful bio-indicators of low-light stress in seagrass and that molecular indicators could inform on management of

seagrass ecosystems.

1. Introduction

Seagrass ecosystems play a critical role in mitigating against climate
change and provide essential habitat to fisheries, marine megafauna
and protected species (Mtwana Nordlund et al., 2016; Sievers et al.,
2019), however they are facing a widespread decline due to human
impacts (Waycott et al., 2009). Turbidity has been identified as one of
the most significant threats to seagrass, since the associated reduction
in light inhibits growth (Collier et al., 2016). Extensive seagrass mea-
dows are often found in estuaries and bays where ports and cities co-
occur, so they are frequently exposed to poor water quality from capital
dredging works and turbid river plumes associated with urban and
agricultural development (Saunders et al., 2017). Prolonged periods of
reduced light can result in complete loss of a meadow (Lavery et al.,
2009). Monitoring of seagrass meadows, including their responses to
human stressors, is required to inform on management actions to avert
loss (Griffiths et al., 2020).

Recognising when meadows are stressed, or more susceptible to
stress, can be difficult using traditional approaches for routine mon-
itoring. Growth-condition metrics such as species composition, above
ground biomass and spatial coverage are commonly used to indicate

seagrass health (Collier et al., 2016; Moore et al., 2000) although a
range of other metrics are also widely used (Chartrand et al., 2016;
Petus et al., 2014; Vonk et al., 2015). Condition metrics detect change
in seagrass biomass over time, however at times their efficacy is limited
by substantial variation within sites and among seasons (Hossain et al.,
2010). Further, they offer little insight into sub-lethal stresses that may
be occurring at a physiological and molecular level, and which may
precede morphological responses between routine sampling events. The
development of sensitive alternative methodologies capable of re-
vealing environmental perturbations at the molecular level are be-
coming essential for monitoring ecosystem health (Rotini et al., 2013),
including for seagrass ecosystems (Macreadie et al., 2014). However,
among the many methods previously used to measure light stress in
seagrass, several of those reflecting physiological processes, such as
respiration rate and concentrations of nitrogen, phosphorous and
carbon (among others), do not respond consistently to light reduction
and as such are not recommended as bioindicators (McMahon et al.,
2013). Endpoints that integrate multi-parameter molecular responses to
stress show great potential for addressing this shortcoming (Kumar
et al., 2016).

Metabolomics has become a significant contributor to the
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identification of stress in plants (Shulaev et al., 2008). Metabolomics
can identify by-products of stress metabolism and molecules that are
part of the acclimation response of plants (Hong et al., 2016), so
measurements of metabolites could indicate stress in seagrass meadows
(Hasler-Sheetal et al., 2015). Physiological responses to stress may in-
clude elevated levels of amino acids or a reduction in sugars important
in the signaling of cells under stress (Kumar et al., 2016). Liquid- and
Gas-Chromatography paired with Mass Spectrometry (LC/GC-MS) and
Nuclear Magnetic Resonance (NMR) spectroscopy are powerful tools for
metabolomics analysis, each offering different strengths and weak-
nesses (Emwas, 2015; Pan and Raftery, 2007). NMR offers a particularly
rapid and repeatable platform for untargeted metabolomics, including
the ability to identify and quantify minor differences in a wide range of
biologically relevant amino acids, carbohydrates, nucleotides and other
metabolites (Melvin et al., 2017; Zou et al., 2014). The method has been
used to obtain comprehensive metabolite profiles for the Northern
Hemisphere seagrass species, Zostera marina (Hasler-Sheetal et al.,
2015; Mochida et al., 2019). The untargeted nature of metabolomics is
what makes it particularly relevant to ecological studies, because it
reflects all interactions between and within species, and with their
environment, rather than targeting specific biochemical pathways. This
approach is referred to as eco-metabolomics and provides mechanistic
evidence for biochemical processes that are relevant at ecological scales
by detecting changes in metabolite concentrations (Peters et al., 2018).
The results of early research has revealed considerable differences in
profiles of metabolites between samples collected from an aquatic en-
vironment with variable levels of natural environmental stress (i.e.,
low-light, high temperature and anoxic conditions (Kumar et al., 2016;
Zidorn, 2016). Thus, untargeted metabolomics is ideal to further test
the adaptation strategies of seagrass to low-light stress. If stress re-
sponses can be identified in metabolomic measurements, then they may
also have potential to be used as an early warning indicator of seagrass
stress.

Here we utilised a common monitoring technique to measure the
loss of biomass from light stressed Z. muelleri, a Southern Hemisphere
seagrass. The morphology of stressed seagrass was compared to its
metabolic state which was measured using NMR-based metabolomics.
We subjected seagrass to a continuous period of low-light in situ. Loss of
above-ground biomass was quantified over time and metabolites were
extracted from leaf samples after 6 weeks and analysed by NMR. Two
important questions were asked: 1) how does biomass loss in stressed
seagrass compare to metabolic activity? And 2) are differences in me-
tabolite profiles between seagrass subjected to low-light stress and
those exposed to natural light conditions detectable? The overall aim of
this paper is to explore the use of non-targeted metabolomics for
characterising low-light stress on seagrass.

2. Materials and methods
2.1. Experimental set-up in the field

We subjected shallow subtidal (< 3 m) beds of the seagrass
Z.muelleri to reduced light conditions using shading structures for a
continual six week period during the summer of 2018/2019 in southern
Moreton Bay, Queensland. Shading structures (1 m?) were erected over
five replicate patches of dense Z.muelleri (~3 m apart) along the sub-
tidal fringe of a large meadow. Shading material was a mesh canopy
that reduced light penetration to subtidal seagrass well below natural
levels, tethered at each corner to a plastic stake. We installed vertical
isolation borders 10 cm inside the edges of the treatment plots to a
depth of 25 cm in the sediment to sever the roots and prevent the
transfer of nutrients and carbohydrates from unshaded and shaded
areas via rhizomes (Chartrand et al. 2016). Unshaded control plots that
received natural light intensities were also prepared both with and
without vertical isolation borders (two replicates of each). Light loggers
(4 X Odyssey photosynthetically active radiation (PAR), and
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5 x HOBO models) were placed in control and shaded plots to measure
light levels throughout the period. Odyssey loggers were installed with
automatic wipers. The shade cloth and HOBO light loggers were also
manually cleaned every 2 days throughout the experiment to ensure
relative differences in light penetration between treatments remained
consistent, and to minimise sedimentation and biofouling. We quanti-
fied biomass inside a 25 cm? sub-quadrat installed within each 80 cm?
plot. Shoot density (every shoot) and leaf-length (from five randomly
selected leaves) were counted and measured, respectively, inside each
sub-quadrat every 2 weeks throughout the experiment. A regression
model was developed to quantify total above ground biomass (Biomass)
based on shoot count (sc) and average leaf length (avll, Eq. (1)). This
model was based on data collected from 6 seagrass cores
(25 cm x 25 cm squares) from randomised locations adjacent to ex-
perimental plots prior to installation of the shade structures.

Biomass = (0.213 = sc) + (0.148 * avll) — 3.233 (€D)]

The standard error of the biomass estimate was *+ 1.36 g, or ~9%
of the average starting biomass in each plot.

2.2. Sampling for metabolomics

We randomly collected between 7 and 20 single leaves of approxi-
mately 5 cm in length from each 80 cm shaded (treatment, n = 5) and
unshaded (controls, n = 4) plot after a continual shading period of
39 days. Each leaf was manually cleaned of epiphytes whilst submerged
and immediately placed inside plastic vials and snap frozen in a liquid
nitrogen dry shipper (Taylor Wharton™). We took care to remove the
2nd or 3rd youngest leaf closest to the sheath, avoiding the youngest
leaf to ensure samples were standardised, since leaf age can influence
metabolite composition and concentration (Agostini et al., 1998;
Hasler-Sheetal et al., 2015). Samples were stored at —80 °C in the la-
boratory until subsequent extraction of metabolites.

2.3. Sample extraction and processing for NMR spectroscopy

Samples were extracted and processed according to previously es-
tablished methods (Melvin et al., 2017). In summary, after freeze-
drying the samples, a modified Bligh-Dyer extraction (Bligh and Dyer,
1959) was performed to separate polar metabolites from lipids and
cellular debris. Extracted metabolites were dried and re-suspended in
200 pL phosphate buffer made with deuterium oxide (D,O), which
contained 0.05% sodium-3-(tri-methylsilyl)-2,2,3,3-tetra-
deuteriopropionate (TSP) as an internal standard (*H 8 0.00, '3C § 0.0).
The dry weight of each leaf in each sample was measured.

Samples were loaded into 3 mm NMR tubes and analysed using an
800 MHz Bruker® Avance III HDX spectrometer equipped with Triple
(TCI) Resonance 5 mm Cryoprobe with Z-gradient and automatic
tuning and matching. The general methodology has been described
elsewhere (Melvin et al., 2018a, 2018b). Briefly, spectra were acquired
at 298 K with D,0 used for field locking. The zg30 pulse program was
used for proton (*H) spectra, with 128 scans, 1.0 s relaxation delay,
6.80 us pulse width and spectral width of 16 kHz (*H & —3.02-16.02).
Peaks were post processed with MestReNova v8.1.4 (Mestrelab Re-
search S.L., Spain). Post-processing included manual phase-correction,
ablative baseline adjustment and normalisation of the spectra to the
TSP standard (*H & 0.00). Individual spectral features were then
manually integrated and the data was exported and normalised to in-
dividual sample weight prior to statistical analysis (Melvin et al.,
2018a, 2018b). An edited *H-'3C Heteronuclear Single Quantum Co-
herence (HSQC) spectra was also acquired for one representative
sample with 210 scans, 128 experiments, 0.8 s relaxation delay, 6.80 us
pulse width and spectral widths of 12.8 kHz (*H & —3.23-12.82) and
33.1 kHz (**C § —9.40-155.2). Metabolites were tentatively assigned
using Chenomx NMR suite 8.5 software (ChenomxInc., Edmonton, Ca-
nada), and assignments were further validated by comparison of HSQC
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spectra with freely available reference spectra (e.g., Human Metabo-
lome Database; HMDB).

2.4. Multivariate statistical analysis

Data were grouped by the following treatments for multivariate
analysis: 1) shaded plots with vertical isolation borders (shaded,
treatment), 2) unshaded plots with vertical isolation borders (unshaded
and bordered, treatment) and, 3) unshaded plots without vertical iso-
lation borders (unshaded, control). We normalised the data to account
for sample mass, and then scaled the data using the pareto scale func-
tion (‘RFmarkerDetector’ package in the R program (Palla and Armano,
2016)). Pareto scaling is common in metabolomics studies, because it
reduces the influence of extreme outliers (Emwas et al., 2018). We used
Principle Component Analysis (PCA) (‘pca3d’ package in the R pro-
gram) initially to explore correlations between treatment and control
groups (Weiner, 2017). Linear regression was used to explore differ-
ences between groups based on mass of whole dried leaves.

We conducted multivariate regression with the Bayesian Ordination
and Regression AnaLysis model (‘boral’ package in the R program) with
explanatory (light effect and optimal peak in metabolite activity) and
two latent variables (Hui, 2016). The boral model is suitable for me-
tabolomics data because it models correlations between different me-
tabolites measured across the same set of samples. We included as a
fixed effect the two treatment groups and random effects as two latent
variables. The latent variables model correlations between metabolites
from unexplained sources of variation (Hui, 2016). The effect size of the
treatment relative to the control was taken to be the median difference
(+ — 95% highest posterior density intervals) in each metabolite’s
scaled value between control and treatment plots. We then quantified
the signal-to-noise ratio in terms of each metabolite’s ability to detect a
change in low-light relative to background variation in that metabolite.
The signal-to-noise ratio was quantified as the per cent of the variance
attributed to the treatment effect relative to the sum of the treatment
effect and the variance attributed to the latent variables.

We then tested whether changes in the metabolite concentrations
where more consistent with light loss or biomass loss. To do this test,
we compared the fit of two boral models: (1) a model with biomass
percent loss at 39 days as a fixed effect against (2) a model with light
intensity as a fixed effect. We did not include treatment type in either
model, because this would be confounded with biomass/light. We
compared these two models for their WAIC statistic (Vehtari et al.,
2017), where the model with the lowest WAIC is most consistent with
the differences in the metabolites. To aid interpretation of these pat-
terns, we plotted metabolic activity, treatment (light) exposure and
biomass loss for the metabolites with the greatest effect sizes. We also
plotted an ordination from a principal components analysis of the
weight normalised and pareto-transformed metabolomics data.

3. Results
3.1. Light measurements and biomass loss

The average total daily light penetration measured from the light
loggers was 0.7 mol m~2 d~l'in shaded plots compared to
8.2 mol m~2d™! in unshaded plots over the experiment duration. The
average PAR was 52.8 pmol m~2 min~" at the time of collection for
metabolomics in the shaded plots compared to 273.7 ymol m ™% min ™!
in the unshaded plots (averaged over 2-hour collection period). The
water temperature was 27 °C across all plots.

A loss of biomass was observed over time in seagrass exposed to
light stress through manipulative shading. In unshaded control plots,
biomass on average declined slightly (13%) over the 6-week period.
Shaded plots lost on average 82% of biomass (Fig. 1). Biomass loss in
shaded plots was consistent with an average reduction of leaf length of
3.2 cm in shaded plots compared to an average increase of 3.1 cm in the
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unshaded plots. Loss of biomass in shaded plots was supported by a
reduced leaf condition: individual leaves that were randomly sampled
and dried for the metabolomics measurements had a lower weight in
the shaded plot (10.6 mg) than leaves from the unshaded plots
(14.7 mg, p < 0.001, r* = 0.21).

3.2. Metabolite differences

A total of 84 peaks were integrated from the 'H spectra, corre-
sponding to 33 distinct metabolites and 10 unidentified features
(Fig. 2). Numbers were assigned to identify individual peaks from the
same metabolite (i.e. Fructose-1). Differences between the three treat-
ment groups were clearly visible in a plot of the principal components
(Fig. 3). Further analysis with the Bayesian hierarchical models found
that shaded plots had a high probability of lower glucose and fructose,
some phenolics (and spectral regions where phenolics overlapped with
other chemical features), sucrose (and regions where sucrose overlaps
with other features), malic acid, N-methylnicotinamide, asparagine,
myo-inositol and cinnamic acid (Fig. 4a, Fig. A.1). Shaded plots had
higher levels of trigonelline and several amino acids (gamma amino-
butyric acid, proline, betaine and glutamine), however, increases of
trigonelline and the amino acids appear to be related to the effect of
severing rhizomes from vertical isolation borders rather than shade
stress (Fig. 4b). Glutamine was an exception and remained elevated in
the shaded plots.

The combined variance explained by shading for all metabolites was
3.5% (signal to noise ratio), indicating that there was considerable leaf
to leaf variation among plots. However, variation explained by shading
for individual metabolites was higher; as much as 93% for N-methyl-
nicotinamide, between 16 and 30% for glucose, 10% for fructose and
several phenolic compounds and the remainder of metabolites gen-
erally < 10% (Fig. A.1). Overall high residual variation (Fig. A.2)
suggested there was considerable variation in metabolites within and
between plots for reasons other than the effect of shading.

Changes in light intensity were more consistent with changes in the
metabolite profile than changes in biomass, according to the WAIC
statistic (WAIC = 6448 for the light model versus 7006 for the biomass
model). The assertion that shading, rather than biomass loss, was the
predominant cause of metabolic variation was supported by visual in-
terpretation of metabolite changes. For instance, peaks for glucose and
fructose were elevated in unshaded plots, even when those unshaded
plots had similar amounts of biomass loss as shaded plots (Fig. 5).

4. Discussion

Here we demonstrated that light-stress triggers distinguishable
changes in metabolite profiles of the seagrass Z. muelleri, indicating that
metabolomics may be a useful and sensitive tool for identifying stressed
meadows. We also observed a loss of biomass from reduced light,
consistent with findings from other studies (Collier et al., 2016; Silva
et al., 2013). Several metabolites changed in a way that is consistent
with plant responses to light stress (Hasler-Sheetal et al., 2016). Con-
siderable background variation between and within treatment plots was
also observed, with low variance explained by the treatment relative to
residual variance (Table 1), which is not unexpected for complex field
ecosystems. However, some of the responses to low-light were identi-
fied as being a result of isolating the treatment plots, which prevents
plants from receiving nutrients via rhizomes in adjacent unshaded
areas. For example, amino acids such as trigonelline and gamma-ami-
nobutyric acid showed no difference between the effect of isolation
(Fig. 4b) in comparison to the effect of shade and isolation (Fig. 4a).
Other metabolites that showed a strong response to reduced light be-
came lost in the noise of background variation, as was the case for
fructose. We suggest that N-methylnicotinamide, glucose, fructose and
malic acid have the most potential to be useful indicators of low-light
stress in Z.muelleri, because these metabolites had the strongest effect to
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Fig. 1. Seagrass biomass change during the shading
experiment (mean, SE), as change from initial bio-
mass 38 days after shade structures were erected.
Treatment groups are shaded plots with vertical
isolation borders (Shaded), unshaded plots with
vertical isolation borders (unshaded and bordered)
and unshaded plots without any treatment
(Unshaded). Metabolomics samples were collected
39 days after shade structures were erected.
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shading relative to background variation.

4.1. Metabolome analysis

Carbohydrates were predicted to show the greatest response to low-
light. Low-light reduces carbohydrates in seagrass (sucrose, fructose
and glucose) due to lower rates of photosynthesis (Hasler-Sheetal et al.,
2016; Kumar et al., 2017a). We found a reduction in all soluble car-
bohydrates in shaded seagrass (Table 1). The reduced abundance of
carbohydrates is consistent with the morphological changes we ob-
served of slower growth, smaller shoots, and higher mortality. The
sensitivity of soluble sugars to reduced light was supported by the
elevated concentrations of glucose, fructose and sucrose in the un-
shaded plots despite a loss of biomass in this treatment group (Fig. 5
and A.3, Table 1).

Glucose had the strongest response to shading ( —10) and clearest
(30% variance explained by shading) response to low-light and, as such,
we suggest it is the best carbohydrate indicator of light stress (Table 1).
It is unclear why levels of glucose showed a stronger response to low-
light than levels of sucrose. Previous metabolomics studies with Z.
marina have identified sucrose as having the largest magnitude of re-
sponse to low-light (Mochida et al., 2019). In healthy plants, glucose
levels are lower than other carbohydrates (Fig. 5), particularly in leaves
compared to other parts of the plant, because glucose is readily con-
verted into starch (Silva et al., 2013). Fructose showed a strong signal
in response to low-light but was more readily influenced by other un-
known environmental factors. The production of fructose is highly
sensitive to multiple environmental stresses (Mochida et al., 2019) so
the fructose response to shading may be masked by its response to other
stressors.

N-methylnicotinamide showed the clearest response to low-light,
with the treatment effect explaining 93% of the variance in this meta-
bolite, and therefore it may be a good indicator of low-light stress
(Table 1). N-methylnicotinamide is a co-enzyme in plant growth and
may play a vital role in pathways controlling adaptation to environ-
mental stresses, such as through the redox shuffle and retaining nico-
tinamide adenine dinucleotide phosphate (NADP) and NADPH home-
ostasis (Chai et al., 2005). The major NADPH generating source in
darkness is the oxidative pentose phosphate pathway (OPPP) coupled
with the central carbon metabolism in chloroplasts. This system
maintains the redox potential necessary to protect the plant against
oxidative stress (Kruger and Von Schaewen, 2003). Thus, it is possible
that the reduction of N-methylnicotinamide from low-light is related to

40

the physiological mechanisms aimed at preventing oxidative stress,
although it is unclear why stressed plants have less of this compound.
The OPPP pathway also utilises glucose and fructose rather than su-
crose, which may explain the greater reduction in glucose and fructose
compared to sucrose (Kruger and Von Schaewen, 2003).

Malic acid shows potential as an indicator of light stress. The re-
duced capacity of seagrass to fix carbon in low-light is a likely ex-
planation for the reduced abundance of malic acid observed in light
stressed plants. Current research suggests that seagrass are C3-C4 in-
termediate plants because some species have been identified to have
CO, concentrating mechanisms (Larkum et al., 2017), but seagrasses
lack many of the physiological characteristics consistent with C4 plants
(Kim et al., 2018). The observed reduction in malic acid in plants ex-
posed to low-light stress supports the theory that seagrass share some of
the biochemical features characteristic of C4 plants. The reduction of
malic acid and enzymes responsible for its synthesis in stressed seagrass
has been shown elsewhere (unpublished data in Larkum et al., 2017;
Moreno-Marin et al., 2018).

Some metabolites responded differently to previous studies in re-
sponse to low-light stress, including phenolics and myo-inositol. For
example, recent studies have shown that total phenols increased when
subjected to low-light stress (up to 75% reduction in light) in Z. marina
and Cymodocea nodosa (Silva et al., 2013), whereas we observed a de-
cline in total phenols. This decline could be an artefact of the duration
of stress exposure required before phenolic concentrations decline,
because Silva et al. (2013) sampled after 3 weeks compared with ap-
proximately 6 weeks in this study. This hypothesis is supported by an
observed reduction in secondary metabolites proportional to the degree
of light reduction observed over longer timeframes (Toniolo et al.,
2018). Alternatively, it could also be related to the sampling season,
because reduced concentrations of phenolic compounds in seagrass
have been observed in summer, in comparison to winter samples
(Agostini et al., 1998). Similarly, an increase of myo-inositol in Z.
marina was shown when subjected to darkness (Mochida et al., 2019),
in contrast to the results of this study. More research is needed to better
understand the significance of these responses and whether there are
species specific differences.

4.2. Reliable indicators of light stress

Robust indicators should have a consistent response to stressors that
can be distinguished from background variation (McMahon et al., 2013;
Roca et al., 2016). In this study, individual metabolites responded more
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Fig. 2. Representative '"H Nuclear Magnetic Resonance (NMR) spectra of Zostera muelleri leaf from the study site in Southern Moreton Bay, Queensland. 1
Pantothenate, 2 isoleucine, 3 leucine, 4 valine, 5 fucose, 6 allothreonine, 7 lactate, 8 alanine, 9 gamma-aminobutyric acid, 10 acetate, 11 proline, 12 glutamate, 13
glutamine, 14 malate, 15 aspartate, 16 sarcosine, 17 asparagine, 18 oxoglutarate, 19 choline, 20 betaine, 21 glucose, 22 myo-Inositol, 23 sucrose, 24 fructose, 25
phenolics, 26 cinnamic acid, 27 UDP-galactose, 28 trigonelline, 29 nucleotides (ADP/ATP), 30 Nicotinamide ribotide, 31 Formate, 32 1-methylnicotinamide.
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consistently to shading than to biomass loss (as indicated by the WAIC,
also Fig. 5 & A.3). Biomass loss rates varied across control and treat-
ment plots, with some control plots also losing considerable biomass.
This biomass loss may be explained by this study occurring when Z.
muelleri is approaching the summer period of natural senescence. This
suggests that condition metrics such as biomass would be more suitable
as a later warning indicator of functional change in contrast to early
detection methods like metabolomics that has the potential to measure
stress responses within a plant before external symptoms manifest.
Metabolomics could support existing indicators of low-light stress
by providing biologically meaningful responses to light deprivation (de
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Kock et al., 2020). Metabolite responses to low-light in this study were
consistent with inhibition of photosynthesis through a disruption to
carbon fixation and energy metabolism (Table 1). Thus it served as a
biological measure of sufficient light. Indicators of low-light stress
allow managers to obtain an accurate indication of local conditions,
which is particularly relevant for monitoring impacts in dredge op-
erations and around ports, to facilitate prompt adaptive management
(Chartrand et al., 2012; Griffiths et al., 2020; Statton et al., 2018). Light
dependant thresholds and photosynthetic indicators, such as saturating
irradiance for photosynthesis (Ex) and maximum electron transport rate
(ETRpax) (Collier et al., 2009; Dattolo et al., 2014) are comonly used to
monitor light conditions. However, biomass and below-ground pro-
ductivity has been shown to be affected by light quality as well as light
quantity in some seagrass species (Strydom et al., 2018).

A high level of metabolite specificity was achieved in the study,
given the high magnetic strength of the NMR (800 MHz) and cryoprobe,
and through confirmation of metabolite identification using the HSQC
pulse experiment. Metabolomics using NMR spectroscopy also fills
other criteria for bioindicator adequacy such as ease of collection, quick
processing of samples and ease of interpretation of responses
(McMahon et al., 2013). In addition, only small volumes of the sample
are required for processing which reduces the impact of destructive
techniques involved with biomass collections such as trampling (Rotini
et al., 2013). Further, the method we have described here has the ca-
pacity to cover both polar and non-polar metabolites (Rivas-Ubach
et al., 2013). Thus, it is able to identify metabolites involved in primary
metabolism such as sugars, amino acids and small organic acids as well
as secondary metabolites that can play a key role in an organism’s re-
sponse to environmental change such as phenolics. Further, this study
utilises established protocols making data processing and metabolite
identification for Z. muelleri more streamlined (Melvin et al., 2017,
2018).
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Fig. 4. Differences in the median effect sizes (black dots) with errors (95% highest posterior density intervals) for the highest 30 metabolic peaks of Z. muelleri
showing the greatest response to shade stress. Plot A (left) shows differences between shaded (treatment) and unshaded (control) plots while Plot B (right) shows
differences between unshaded (control) plots and unshaded plots with vertical isolation borders (treatment). A value above or below zero indicates an increase or
decrease, respectively, in concentration of the treatment in comparison to the control. Bars indicate there is 95% probability of falling between the upper and lower

limits.
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Fig. 5. Individual glucose and fructose metabolites showing biomass change and metabolic activity (spectra intensity measured as 'H chemical shift in ppm) for each
plot within each treatment group. Biomass change is the percent change over the 39 day experimental period from initial biomass measurements. Treatment groups
include shaded plots with vertical isolation borders (Shaded), unshaded plots with vertical isolation borders (Unshaded with borders) and unshaded plots without any
treatment (Unshaded). Numbers are assigned to metabolites to identify individual peaks in activity. Plot of individual sucrose metabolites is shown in Fig. A.3.

4.3. Limitations and future research directions

There are several caveats that limit interpretation of the results and
the limitations of this study warrant further investigation to understand
the other causes of variation in Z. muelleri metabolites. First, we were
unable to identify ten of the individual metabolite features from their
peaks in activity because reference spectra were unavailable. Therefore,
we may have missed part of the plant’s stress response. Further work
identifying metabolites and developing standards for this species are
needed.

Second, the various phenolic components were not readily distin-
guishable, which limits interpretation of the functional role of phenolics
in the response to light stress. This relates to our use of D50 to optimise
comparison of primary metabolites against reference spectra, which
was a trade-off since D50 is not an ideal solvent for plant phenolics.
Further work characterising individual phenolics may help to associate
discrete stressors with specific biochemical responses.

Third, our parameters were limited to biomass and light intensity,
however other ecological parameters would have helped to associate
changes in metabolites with changes in ecosystem function (Jesch et al.,
2018). For example, metabolite profiles have been shown to be affected
by sediment structure (Holmer and Hasler-Sheetal, 2014), temperature
(Kaldy, 2014), leaf herbivory (Arnold et al., 2008), prevalence of
competitors (Dumay et al., 2004) and taxonomic relationships (Gillan
et al., 1984). These abiotic effects can vary over small spatial scales. For
example, different metabolic profiles have been shown for the same
plant over small temporal and spatial scales for Arabidopsis and Silene
plants (Dotterl et al., 2012; Stitt et al., 2007). Future research of light

stress on the metabolome would therefore benefit from laboratory or
mesocosm studies to limit the amount of environmental variation
confounding interpretation of results (e.g. Bertelli and Unsworth,
2018). Fully or partially controlled environments would allow those
metabolites involved specifically in the light stress response to be
identified, so that field testing could focus on detecting change in those
metabolites.

Fourth, samples for metabolite analyses could also be extracted at
the onset of shade stress and at regular intervals throughout the shading
experiment to understand temporal changes in the biochemical re-
sponse to shading. This would help to understand the role of secondary
metabolites (particularly phenolics) and to monitor sub-lethal re-
sponses to low-light stress. It is particularly important to identify me-
tabolites that play a specific role in the plant’s response to light de-
privation. The metabolites identified in this study, such as glucose and
fructose, have broad functions, and so may be more subject to en-
vironmental noise from other non-light stressors. Metabolomic sam-
pling at the onset of shading may help to identify specific light-response
metabolites. It is also needed to test how the method performs as an
early-warning indicator. For instance, depletion of sugars in leaves may
not be apparent early in the shade response, because the plant can
translocate stored sugars from rhizomes to leaves (Mackey et al., 2007).

Fifth, it would be helpful to look at the effect of varying light levels.
We initially attempted to create a gradient of light levels in the treat-
ments, but were unsuccessful in retaining the variable light penetra-
tions due to constant covering of the shade cloth with sediment and
biofouling. Further, the study should be expanded to other seagrass
species as tolerance to light has shown to vary between species (Silva
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et al., 2013).

Finally, while the relative change in the abundance of different
metabolites were used to indicate the effect of low-light stress on sea-
grass, absolute values for the metabolites were not quantified. Future
studies could therefore utilise other methods capable of quantifying
values more specifically, such as LC-MS (Kim et al., 2015). This would
be particularly important if discrete quantities of metabolites were a
central goal of the study.

The method developed here could be complementary to support
other research on stress responses in seagrass. For example, metabo-
lomics coupled with other omics technologies, such as genomics (Bruno
et al., 2010) or proteomics (Kumar et al., 2017a), can identify the
functional role of metabolites in stress responses (Toniolo et al., 2018).
Genomics in particular, could be useful to map how genotypes shape
local scale variation to stresses (Salo et al., 2015). Metabolomics would
also complement more traditional approaches such as biomass mea-
surements. Multi-variable measurements will provide an integrated
view of the functional status of seagrass as it responds to light stress. For
example, metabolite analysis could support intermittent measurements
of biomass loss from light stress experiments to determine if biochem-
ical tipping points can be detected prior to loss in biomass. The com-
plement of molecular interpretation combined with other physiological
or morphometric analysis are put forward as strategies to evaluate the
impact of human stressors on the ecosystem and to monitor environ-
mental changes (Toniolo et al., 2018).

5. Conclusion

This study used experimental manipulations of seagrass meadows in
the field to determine if metabolomic indicators could be identified for
the response of Z. muelleri to prolonged low-light. Clear separation in
metabolite profiles and strong signals from identifiable metabolites in
comparison to traditional monitoring methods, suggest that metabo-
lomics have potential as an indicator of low-light stress in seagrass. We
suggest support for more research on metabolomics as a potential
bioindicator for early impact assessment monitoring and to assess its
contribution to the list of alternative indicators for low-light stress in
seagrass meadows (McMahon et al., 2013).
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