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ABSTRACT

Understanding the rapid responses of marine microbiomes to environmental disturbances is paramount for
supporting early assessments of harm to high-value ecosystems, such as coral reefs. Yet, management guidelines
aimed at protecting aquatic life from environmental pollution remain exclusively defined for organisms at higher
trophic levels. In this study, 16S rRNA gene amplicon sequencing was applied in conjunction with propidium
monoazide for cell-viability assessment as a sensitive tool to determine taxon- and community-level changes in a
seawater microbial community under copper (Cu) exposure. Bayesian model averaging was used to establish
concentration-response relationships to evaluate the effects of copper on microbial composition, diversity, and
richness for the purpose of estimating microbiome Hazard Concentration (mHCx) values. Predicted mHC5 values
at which a 5 % change in microbial composition, diversity, and richness occurred were 1.05, 0.72, and 0.38 pg Cu
L7}, respectively. Threshold indicator taxa analysis was applied across the copper concentrations to identify
taxon-specific change points for decreasing taxa. These change points were then used to generate a Prokaryotic
Sensitivity Distribution (PSD), from which mHCxge. values were derived for copper, suitable for the protection of
99, 95, 90, and 80 % of the marine microbiome. The mHC54e. guideline value of 0.61 pg Cu L’l, protective of 95
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% of the marine microbial community, was lower than the equivalent Australian water quality guideline value
based on eukaryotic organisms at higher trophic levels. This suggests that marine microbial communities might
be more vulnerable, highlighting potential insufficiencies in their protection against copper pollution. The mHCx
values proposed here provide approaches to quantitatively assess the effects of contaminants on microbial
communities towards the inclusion of prokaryotes in future water quality guidelines.

1. Introduction
1.1. Marine microbial communities in environmental risk assessments

Marine microbial communities play pivotal roles in maintaining the
functioning, health, and resilience of high-value ecosystems, including
coral reefs (Ainsworth et al., 2010; Bourne and Webster, 2013; Maher
et al., 2022). However, these communities are highly sensitive to envi-
ronmental perturbations and disturbance events, such as changes in sea
surface temperature and water quality, which can alter the microbial
community structure and functionality (Allison and Martiny, 2008;
Cavicchioli et al., 2019; Nogales et al., 2011; Vanwonterghem and
Webster, 2020). Estimating disturbance-related deviations from the
natural community composition could therefore provide an early
warning for declining reef health and enable sensitive predictions of
environmental stress (Astudillo-Garcia et al., 2019; Glasl et al., 2018;
Glasl et al., 2017; McDevitt-Irwin et al., 2017). Free-living microbial
communities, in particular, have a high potential for inferring envi-
ronmental fluctuations compared to host-associated communities due to
their high uniformity and environmental sensitivity (Glasl et al., 2019).

Considerable efforts have been made towards unravelling the spatial
and temporal dynamics of marine microbial communities. For instance,
the Australian Marine Microbial Biodiversity Initiative represents a
standardized ocean observatory program that provides a comprehensive
amplicon sequencing database for describing microbial community dy-
namics across Australia's marine ecosystems (Brown et al., 2018). Yet,
despite the evidence that microbial communities often possess limited
resistance, resilience, and functional redundancy in response to envi-
ronmental change than previously thought (Allison and Martiny, 2008;
Bissett et al., 2013), management guidelines aimed at protecting aquatic
organisms from environmental pollution remain primarily defined for
organisms at higher trophic levels (e.g., fish, invertebrates, molluscs or
algae) (Cavicchioli et al., 2019; Webster et al., 2018). Describing the
impacts of environmental stress on microbial communities is generally
based on qualitative terms, primarily due to the inability of current
ecotoxicology methodologies to establish quantitative stress-response
relationships to inform the development of regulatory guidelines
(Hazen, 2020; Webster et al., 2018). Establishing a regulatory frame-
work capable of predicting environmentally relevant risk thresholds for
marine microbiomes would allow for timely management interventions
to mitigate the impact of human activities well before coral reef health
deteriorates (Glasl et al., 2018; Webster et al., 2018).

1.2. Water quality guidelines for the protection of aquatic organisms

Water quality guideline values refer to the maximum acceptable
concentrations of contaminants in aquatic environments that are pro-
tective of aquatic organisms (USEPA, 2019). These guideline values are
often derived from toxicity threshold data from diverse species modelled
as cumulative Species Sensitivity Distributions (SSD) against the
contaminant concentration. This approach enables estimation of the
proportion of species in a community that would be affected by different
concentrations of contaminants (Posthuma et al., 2019). For example, a
concentration hazardous to 5 % of a community is referred to as the HC5
(in Australia and New Zealand, this is equivalent to the Protective
Concentration PC95) (ANZG, 2018). Several statistical methods have
been applied to predict toxicity thresholds used to derive SSDs; however,
the preferred statistical estimates include No Effect Concentrations

(NEC) (Fox, 2010) and x% Effect/Lethal Concentrations (EC/LCx; where
x < 10) generated from chronic exposure experiments (Warne et al.,
2018). The SSD approach has been applied globally to investigate re-
lationships among sensitivities of temperate and tropical eukaryotic
species to contaminants (e.g., metals, pesticides, hydrocarbons) (ANZG,
2018; CCME, 2005; EFSA, 2013; USEPA, 2019) but have not been
developed for prokaryotes. Accounting for microbial sensitivities in
water quality guidelines requires novel approaches to define toxicity
thresholds for the entire community that meet established ecotoxico-
logical criteria and are suitable for application in, or comparison with,
an SSD.

1.3. Quantifying microbial responses to environmental stress

Assessing microbial responses to environmental stress at both
compositional and functional level has historically been challanged by
the need to account for high microbial abundance, diversity, functional
complexity, and low cultivability (Allison and Martiny, 2008; Bissett
et al., 2013). Ecotoxicology methodologies are generally restricted to
testing a limited range of laboratory cultured bacterial strains and
quantifying direct inhibitory effects on microbial growth, biomass, or
luminescence of a single test species (e.g., Microtox assay) (Shahsavari
et al., 2017). However, contaminants may elicit complex direct and
indirect responses that differ among taxa in the community, subse-
quently leading to a decline in species richness, diversity and changes of
community structures or network associations. This shift will often have
repercussive impacts on the entire community and ecosystem, high-
lighting the requirement for data representative of the community-level
rather than single isolates (Bissett et al., 2013; Zhang, 2019).
Community-level impacts of contaminants on eukaryotic communities
have been explored using mesocosms and microcosms for decades
(Caquet et al.,, 2000) and with the advances in next-generation
sequencing, it is now possible to assess microbial responses across the
phylogenetic biodiversity of entire communities within highly
controlled experimental microcosm systems (Webster et al., 2018).

These approaches provide the necessary information for (microbial)
ecotoxicology to establish concentration-response relationships such
that quantitative microbial data can be integrated into standard toxicity
testing, regulatory, and management guidelines (Birrer et al., 2017;
Webster et al., 2018). For instance, Doolette et al. (2016) applied a
combination of quantitative PCR and 16S rRNA gene amplicon
sequencing to derive toxicity thresholds for soil microbial communities
that respond negatively to silver. These toxicity values were combined in
an SSD to derive HCx values for silver to the microbial soil community.
Such approaches present a tremendous opportunity to enhance our
quantitative understanding of stress-induced alterations in microbial
communities that play crucial roles in driving global biogeochemical
cycles and maintaining ecosystem health.

The objective of this study was to apply established principles of
ecotoxicology to 16S rRNA gene amplicon sequence data to identify
thresholds for taxon- and community-level changes in a seawater mi-
crobial community exposed to copper (Cu). In the context of preforming
ecotoxicology testing, the distinction of intact cells from membrane
compromised cells is essential as concentration-response modelling
should only include viable community members. For this purpose,
samples were treated with propidium monoazide (PMA) — a selective
dye that penetrates membrane compromised cells allowing covalent
cross-linkage to DNA upon light exposure. The covalent binding of the
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dye to the DNA results in a strong inhibition of PCR amplification
(Nocker et al., 2007).

Copper was selected as a reference toxicant as its most bioavailable
form (dissolved Cu?") is widely reported to be one of the most toxic
metals to aquatic organisms (Solomon, 2008). Usually present in the
marine environment at <1 pg Cu L™ (Apte et al., 2017), elevated copper
concentrations are directly related to urban and industrial activities,
mine tailings, and the use of antifouling paints on ship hulls (Haynes and
Johnson, 2000; Thomas and Brooks, 2010; Warne and Reichelt-Brushett,
2023). Although its application is increasingly regulated (Warne and
Reichelt-Brushett, 2023), copper remains among the most frequently
detected metals in tropical marine environments, including nearshore
surface waters of the Great Barrier Reef at concentrations up to 3.9 pg Cu
Lt (Kroon et al., 2015).

Our first approach applied Bayesian model averaging to establish
concentration-response relationships and estimate toxicity thresholds as
measures of effect on microbial composition, richness, and diversity.
Our second approach involved the development of an SSD-like Pro-
karyotic Sensitivity Distribution (PSD) from change points identified using
Threshold Indicator Taxa ANalysis (TITAN). This allowed the derivation
of microbiome Hazard Concentration (mHCx) values below which 99, 95,
90, 80, and 50 % of marine microbial taxonomic groups may be pro-
tected from copper pollution. The mHCx values can be assessed against
HCx values generated from traditional SSDs, allowing comparisons in
community sensitivity between prokaryotic and eukaryotic commu-
nities. Proposed metrics that describe thresholds for change in com-
munities of mixed microorganisms in response to contaminants are
summarized in Table 1.

2. Methods
2.1. Preparation of copper stock solutions

All experimental plastic containers were subjected to acid-washing
using 10 % (v/v) hydrochloric acid and subsequently rinsed several
times with demineralised water, and then with ultra-pure water (18.2
MQ-cm, Milli-Q IQ 7000, Merck). Copper parent stocks of 1 and 100 mg
Cu L7! were prepared in Milli-Q water from copper (II) chloride
(anhydrous CuCly, CAS 7447-39-4, HPLC >97 %, Honeywell Riedel-de-
Haén, Germany) in 1 L clear polyethylene terephthalate jars (Synergy
Packaging, Australia). The working stocks that were used for copper

Table 1
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dosing in the 48-h experiment were dilutions of the parent stocks in
Milli-Q water. The range of copper concentrations (nominal concen-
trations: 0, 0.1, 0.3, 1, 3, 10, 30, 100, 300, 1000 pg LY selected for
experiments were based upon available data for copper toxicity to ma-
rine species from the US Environmental Protection Agency ECOTOX
database (USEPA, 2019). The higher copper treatments were chosen to
capture the full concentration-response relationship. Total and dissolved
copper was measured across the treatments as described in the Sup-
plementary Information.

2.2. Seawater collection

Inshore seawater was collected during high tide from a jetty
(19°16'38.4”S, 147°03'32.1”E) located at the Australian Institute of
Marine Science, Townsville QLD in December 2020. Seawater was
collected with a submersible pump (750 GHP, Rule-Mate, Xylem Inc.,
USA) at 1 m depth and subsequently pre-filtered with 25 and 5 pm
polyester filter bags (Waterco, Australia). All samples were immediately
stored in the dark at 26°C, consistent with the sea surface temperature at
the time of collection, until further processing.

2.3. Experimental set-up for copper exposure

Three replicate 1 L polyethylene terephthalate jars were filled with
946 mL of 5 pm filtered seawater across each of the 10 copper treatment
concentrations (n = 30). Immediately prior to copper addition (referred
to as timepoint 0 h thereafter), 50 mL subsamples were taken in dupli-
cate from each replicate treatment jar using sterile 50 mL TERUMO
syringes (see below for filtration details). Replicate jars were then spiked
with a range of copper concentrations (by adding 4 mL aliquots from
each working stock to individual jars) and firmly sealed leaving a 10 %
headspace to allow for oxygen exchange. Jars were randomly placed
horizontally on rollers at 40rpm for aeration movement during the
exposure period and incubated at 27.3 + 0.7°C (mean + SD) under a
12:12 h light:dark cycle at 160-180 pmol photons m~2 s~} (Osram
Lumilux Cool White 36 W) until sampling at later timepoints. An addi-
tional set of 10 jars (water quality jars) containing identical volumes of
filtered seawater and copper concentrations as explained above, were
incubated in the same manner to allow for water quality measurements
and collection of chemical samples without potential contamination.

Summary of threshold definitions for the effect of copper on the marine microbiome. Microbiome Hazard Concentrations (mHCx) represent x% change for each metric
in comparison to the control community (0.18 pg Cu L™'). The microbiome community thresholds are referred to as Hazard Concentrations rather than Effect
Concentrations (ECx) which are routinely applied to single species. mHCx values represent thresholds for change in the community which can be influenced by
interspecific interactions among taxa, in contrast to HCx values derived from Species Sensitivity Distributions (SSDs) of (mostly) eukaryotic species tested indepen-
dently. Threshold Indicator Taxa ANalysis (TITAN) community change points are also included for comparison.

Threshold Data Definition

Method

mHCXgim Bray-Curtis similarity
Concentration-response model: C-Rgim
Shannon diversity
Concentration-response model: C-Rgi,
Observed richness
Concentration-response model: C-Ryich
zenv.cps of decreaser ASVs
Cumulative Prokaryotic Sensitivity Distribution:
PSDge.
zenv.cps of all ASVs
Cumulative Prokaryotic Sensitivity Distribution:
PSDan
Relative abundance of ASVs
Indicator species scores across binary sample
partitions and bootstrapping: TITAN
fsum(z)- Relative abundance of ASVs
fsum Indicator species scores across binary sample
(2)+ partitions and bootstrapping: TITAN

mHCXgiy

mHCX;icp,

mHCXgec

mHCx,p

zenv.cps

Concentration at which the community composition differs from that of the control community by x%.
Concentration at which the community diversity differs from that of the control community by x%.
Concentration at which the community richness differs from that of the control community by x%.

Concentration at which x% of decreaser ASVs reduce in relative abundance and/or frequency based on a
cumulative distribution of TITAN change points (zenv.cps). Indicator ASVs selected on purity and reliability
criteria (pur.cut/rel.cut >0.95).

Concentration at which x% of all ASVs change in relative abundance and/or frequency based on TITAN change
points (zenv.cps). No purity and reliability criteria applied.

TITAN change points (zenv.cps): concentration at which the greatest change in relative abundance and/or
frequency occurs based on normalised indicator values (z-scores).

Filtered community change points (fsumz.cp) of indicator ASVs: concentration at which the largest synchronous
(greatest cumulative IndVal z score) decline (fsum(z)-) or increase (fsum(z)+) of indicator ASVs occurs. Indicator
ASVs selected based on purity and reliability criteria (pur.cut/rel.cut >0.95).
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2.4. Seawater filtration and PMA treatment

Subsamples (50 mL) were taken in duplicate (n = 60) at relevant
timepoints (0-, 2-, 7-, 24-, and 48-h) from each treatment jar using sterile
50 mL syringes and connected to sterile 25 mm polypropylene Swinnex
filter holders (Millipore, Australia). Seawater samples were filtered onto
25 mm 0.22 pm hydrophilic polyvinylidene fluoride (PVDF) membranes
by hand. To limit DNA extraction and PCR amplification to the relevant
fraction of the viable community, samples were divided into two sets so
that one set could be treated with propidium monoazide (PMA; n = 30)
to bind extracellular DNA (Nocker et al., 2007), while the other set
remained untreated (n = 30). PMA-untreated samples were directly
placed into 1.5 mL cryotubes, snap frozen and stored at —80°C. PMA-
treated samples were transferred to 6-well plates (Nalge Nunc Int.,
Denmark) containing 1 mL sterile NaCl solution (0.2 pm filtered). One
mL aliquots of PMA stock (PMAxx Dye, 20 mM in Hy0, Biotium, USA)
were added to individual wells to final concentrations of 15 pM,
conservatively selected to avoid potential PMA-induced cell cytotoxicity
at higher PMA concentrations (Banihashemi et al., 2012; Salam et al.,
2014; Taylor et al., 2014). Well-plates were incubated in the dark for 10
min before being subsequently light exposed for 10 min using a 464 nm
light LED Transilluminator (Clare Chemical, USA) to achieve photo-
induced PMA cross-linking to extracellular DNA (Nocker et al., 2006;
Nocker et al., 2007). Gentle swirling of the plates was performed peri-
odically to ensure homogeneous light exposure. Membrane filters were
then removed from the well plates and transferred to 1.5 mL cryotubes
using sterile tweezers. Samples were snap frozen in liquid nitrogen and
stored at —80°C. Water quality analysis including pH, salinity, dissolved
oxygen, as well as samples for dissolved and total copper and nutrient
(dissolved organic/inorganic carbon and nitrogen; < 0.45 pm filtered)
analysis were taken for each treatment as described in the Supporting
Information.

2.5. DNA extraction and 16S rRNA gene amplicon sequencing

DNA was extracted from filter membranes using a phenol-chloroform
extraction method adapted from He (2011). Extracted DNA was resus-
pended in 30 pL UV-treated Milli-Q water and placed at 4°C overnight.
After DNA quantification by NanoDrop 2000 spectrophotometer
(Thermo Fisher Scientific, Australia) and Qubit fluorometer (Thermo
Fisher Scientific, Australia), DNA samples were stored at —20°C until
being sent for library preparation and sequencing to the Australian
Centre for Ecogenomics in Brisbane, Queensland. The V1-V3 hypervar-
iable regions of the 16S rRNA gene was amplified using the primer pair
27F (5-AGAGTTTGATCMTGGCTCAG-3') (Lane, 1991) and 519R (5
GWATTACCGCGGCKGCTG-3") (Turner et al., 1999). Libraries were
generated with the 16S Metagenomic Sequencing Library Preparation
Protocol (15044223 B) and sequenced on the Illumina MiSeq using 2 x
300 bp paired-end chemistry.

2.6. Sequence processing

Demultiplexed raw sequence data was processed using the QIIME 2
pipeline v2020.8 (Bolyen et al., 2019) using forward reads only due to
poor sequence overlap between forward and reverse reads after trun-
cation using a quality score of 30. Amplicon primers were removed with
the plugin cutadapt (Martin, 2011). The plugin DADA2 (Callahan et al.,
2016) was applied to denoise single-end sequences (truncation of poor-
quality bases, dereplication and chimera filtering). Sequences were
clustered into features based at 100 % sequence similarity, subsequently
referred to as amplicon sequence variants (ASVs). A naive-Bayes tax-
onomy classifier was trained against the SILVA v132 99 % OTUs refer-
ences from the 27F/519R region (Quast et al., 2012) with the feature-
classifier plugin (Bokulich et al., 2018). The trained classifier was
applied to the representative sequences to assign taxonomy using the
classify-sklearn command (Pedregosa et al., 2011) in the feature-
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classifier plugin. A total of 12,630,500 Illumina sequence reads were
recovered across the 300 seawater samples following quality filtering.
Unassigned reads, mitochondrial, chloroplast, and eukaryote sequence
reads were removed. The remaining 11,869,096 reads (Min: 755, Max:
120,729 read depth) included 22,970 ASVs assigned to 119 prokaryotic
classes within 48 phyla. Samples were rarefied to 9500 random reads
based on rarefaction curves (Supplementary Fig. S1) indicating that
diversity was fully captured in most communities. This resulted in the
exclusion of three samples (T7_0_pgL_R3_PMAtreated,
T48_23.87_ugL_R1_PMAuntreated, T48_79.57_ugL_R1_PMAuntreated)
that did not meet the minimum required number of reads. Demulti-
plexed sequences and metadata are accessible in the NCBI Sequence
Read Archives under BioProject number PRJINA983933.

2.7. Threshold derivations

2.7.1. Microbial diversity and community composition analyses

Statistical analyses were performed using the R Statistical Software
environment v4.2.1 (R Core Development Team, 2023). Alpha diversity
estimators, as measured by the richness, evenness and Shannon diversity
index, were calculated (after rarefaction) using the phyloseq R package
v1.40.0 (McMurdie and Holmes, 2013). Effects of copper, timepoints,
PMA treatment, as well their interactions were tested using a General-
ized Linear Mixed Model (GLMM) which was fitted with the Shannon
diversity index (normalized by the natural logarithm of the maximum
richness index) as the response variable using a beta distribution and
logit link function. The main fixed factors were PMA, timepoint, and
copper while using sample jars as a random factor. Modelling was done
with the glmmTMB R package v1.1.5 (Brooks et al., 2017). Distribution
of simulated residuals was assessed with the DHARMa R package v0.4.6
(Hartig, 2022). The MuMIn R package v1.47.1 (Barton and Barton,
2015) was used to identify the best candidate model(s) built with all
possible combinations of explanatory variables. Model(s) were selected
based on Akaike Weights and Akaike Information Criterion (AIC).
Planned contrast matrices were generated with the emmeans R package v
1.8.4-1 (Lenth et al., 2023) to test for the effects of copper on microbial
diversity at different timepoints and for both PMA-treated and PMA-
untreated communities. Results from the pairwise contrasts were re-
ported with t-ratios and p-values (adjusted using a “mvt” correction for
multiple comparisons).

Beta diversity analysis was performed using Bray-Curtis dissimilarity
matrices based on Hellinger transformed abundance data. Principal
coordinate analysis limited to the first two dimensions was employed to
visualize the microbial community composition using the phyloseq R
package. Permutational Multivariate Analysis of Variance (PERMA-
NOVA), pair-wise comparison, as well as Multivariate Homogeneity of
Group Dispersion (PERMDISP2) was calculated in PRIMER v7.0.21
(Clarke and Gorley, 2015) to test for differences in community structure
between copper concentrations, timepoints and PMA treatments. All
visualization plots were generated using the phyloseq R packages in
conjunction with the ggplot2 R package v 3.4.0 (Wickham, 2016).

2.7.2. Fitting concentration-response curves

Microbiome Hazard Concentrations (mHCx) values were estimated
from concentration-response curves generated in the bayesnec R package
v2.1.0.2 (Fisher et al., 2023) using the decreasing Bray-Curtis similarity,
richness, and Shannon diversity indices as beta-, poisson-, and gamma-
distributed response variables, respectively, against the logarithmic
copper concentrations. The package uses Hamiltonian Monte Carlo
chains and supports multi-model fitting with Bayesian model averaging
which is achieved through a weighted sample of each fitted models'
posterior predictions (Vehtari et al., 2017). The control community was
thereby defined as samples at concentration of 0.18 pg Cu L™, so that
the similarity, richness, or diversity values at 0.18 pg Cu L™ are an
estimation of the variability between replicated control samples. We
assumed that the Bray-Curtis similarity, richness, and diversity indices
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could theoretically reach a minimum value close to zero (Arbel et al.,
2015) and therefore an absolute x% decline was bounded between the
upper asymptote (control treatment) and zero. The modelled response of
Bray-Curtis similarity, richness, and diversity indices were restricted to
the initial decline at ecologically realistic concentrations. Chain mixing
was evaluated visually for convergence. Posterior estimates were
calculated using weighted model averaged estimates obtained from all
successfully fitted models (model fit statistics and weights for each
response variable can be found in the Supplementary Table S1). Model
weights were estimated using the pseudobma method with Bayesian
bootstrap (Vehtari et al., 2017) via the loo R package v2.6.0 (Vehtari
et al., 2023).

2.7.3. Threshold Indicator Taxa ANalysis: TITAN

Threshold Indicator Taxa ANalysis (TITAN) can be employed to
identify changes in taxa distributions across an environmental gradient
and assesses synchrony among taxa change points as evidence for
community thresholds (Baker and King, 2010). TITAN applies indicator
species scores to identify taxa change points at concentrations where the
greatest change in abundance or frequency occurs (using optimal
observation partitioning) based on normalised indicator values (z-
scores) (Baker and King, 2010). TITAN was performed on relative
abundance data, with minSlt = 5; 1000 permutations, 1000 bootstraps,
and pur.cut/rel.cut = 0.95 using the TITAN2 R package v2.4.1 (Baker
et al., 2022). Only ASVs present in at least three samples were included
in the analysis (n = 697 ASVs) to satisfy data requirements for TITAN2.
TITAN then performed bootstrapping and indicator species analysis to
detect community-level change points, as well as ASV-specific change
points in response to increasing copper concentrations. Bootstrapping
analysis was used to identify only ASVs with consistently strong
increasing or decreasing response in >95 % (reliability and purity cut off
value) of bootstrapped replicates. ASVs that decreased or increased in
relative abundance and/or frequency were subsequently defined as
“decreasers” and “increasers”, respectively. A Sankey diagram was
generated with the networkD3 R package v0.4 (Allaire et al., 2017) to
depict taxonomic affiliation and the number of reliable and pure in-
dicators (e.g., purity and reliability scores >0.95 of the bootstrap rep-
licates achieving p < .05). Scatterplots with smoothed line using the
Generalized Additive Model (GAM) method were generated with ggplot2
to visualize changes in the relative abundance (%) of indicator ASVs to
increasing copper concentrations.

2.7.4. Prokaryotic Sensitivity Distribution

The ssdtools R package v1.0.2 (Thorley and Schwarz, 2018) was used
to generate a cumulative Prokaryotic Sensitivity Distribution (PSD) based
on TITAN-derived change points of all ASVs (no purity and reliability
criteria applied) or ASVs identified by TITAN as decreasers (ASVs with
pur.cut/rel.cut >0.95). mHCx values were derived from the PSD repre-
senting the concentrations of copper at which x% of ASVs were affected.
The ssdtools package employs Maximum Likelihood to fit multiple dis-
tribution averages and provides model averaged mHCx values based on
AICc model weights. Confidence intervals on mHCx and proportions
were estimated by parametric bootstrapping. Distributions selected to
use in the candidate model set included the gamma, log-normal, log-
logistic, log-Gumbel, Weibull, and log-normal/log-normal distributions.

3. Results
3.1. Experimental conditions

Measured dissolved copper concentrations (< 0.45 pm-filtered, time
averaged between 0-h and 48-h) were used in concentration-response
modelling. Concentrations below the limit of reporting (< 0.7 pg L™1)
were derived via regression analysis (R? = 0.9996) between the nominal
and measured values up to 30 pg L™} (to maximise linearity across the
lower, most relevant concentration range) (Supplementary Fig. S2 and
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Table S2).

The water quality parameters monitored in the seawater of the water
quality jars remained within acceptable ranges throughout the experi-
mental exposure period. The variations in dissolved oxygen (DO), pH,
and salinity were <5 % (mean + SD: DO 7.9 + 0.2 mg L71(99.4 + 0.6
%), pH 8.5 + 0.1, salinity 36.3 + 0.1 PSU) (Supplementary Table S3).
The concentrations of dissolved organic carbon (DOC) and total nitrogen
(TN) in the filtered seawater (< 0.45 pm-filtered) at the start of the
experiment (0-h) were (mean + SD) 2.5 + 0.17 pg L™* and 0.14 =+ 0.01
pg L1, respectively. After 48-h, the concentrations of DOC and TN were
4.4 (3.0- 7.3) + 1.5 pg L™! and 0.10 (0.09- 0.15) + 0.02 pg L7},
respectively. Detailed measurements of dissolved inorganic nutrients
(NHg4, PO4, NO3 + NOy, SI), TN, and DOC can be found in the Supporting
Information (Supplementary Table S4).

3.2. Response of the seawater microbiome to copper

The effects of copper on the seawater microbiome were first assessed
across sampling timepoints (0-, 2-, 7-, 24-, 48-h) and between PMA-
treated and PMA-untreated communities by comparing changes in the
average relative abundance, alpha and beta diversity (Fig. 1). Commu-
nity profiles of the initial control microbiome at 0-h (0.18 pg Cu L™1)
showed uniform community assembly patterns between the PMA-
treated and PMA-untreated communities (Fig. 1A); however, PMA
treatment resulted on average in 42.6 % lower DNA yields (mean =+ SD:
2.79 + 0.71 ng pL."1, n = 30) compared to DNA yields of PMA-untreated
samples (mean + SD: 4.86 + 1.50 ng pL’l, n = 30), suggesting signals
from relic DNA were reduced in PMA-treated communities without
compromising the viable cell proportion. Overall, taxa of the classes
Alphaproteobacteria and Gammaproteobacteria (phylum Proteobac-
teria), Bacteroidia (phylum Bacteroidetes), and Oxyphotobacteria
(phylum Cyanobacteria) were most dominant and accounted for 73—90
% of the control microbiome across all timepoints (Fig. 1A). Classes with
low average relative abundance (< 5 %) included Planctomycetacia and
OM190 (phylum Planctomycetes), Verrucomicrobiae (phylum Verru-
comicrobia), Deltaproteobacteria (phylum Proteobacteria), and Acid-
imicrobiia (phylum Actinobacteria) (Fig. 1A). In the copper exposed
communities, an effect of copper on the community structure of PMA-
treated communities could already be observed 2-h after exposure
(Fig. 1A). For example, the average relative abundances of Bacteroidia
and Gammaproteobacteria mostly increased, while the proportion of
Alphaproteobacteria and Oxyphotobacteria decreased compared to the
control microbiome (Fig. 1A). In contrast, there was little change with
increasing copper concentrations in the average relative abundance of
taxa in the PMA-untreated communities until 24-h (Fig. 1A). In part, this
might be explained by the presence of membrane-compromised cells
that were retained in the PMA-untreated samples and amplified during
PCR prior to sequencing. However, marked changes in average relative
abundances of Bacteroidia and Gammaproteobacteria in both PMA-
treated and PMA-untreated communities were observed at 48-h. These
taxa increased by up to 50 % and 44 %, respectively, relative to the
control microbiome at mid-range copper concentrations, but decreased
by as much as 44 % and 26 %, respectively, at higher concentrations
(Fig. 1A). Conversely, Alphaproteobacteria showed a decline in their
average relative abundance at lower and mid-range concentrations (up
to 83 % relative to the control microbiome), and then increased by as
much as 18 % at a concentration of 788 pg Cu L™! (Fig. 1A).

Diversity metrics were then used to explore the effects of increasing
copper concentrations on microbial diversity (Fig. 1B). The Shannon
diversity index remained consistent in the control microbiome across
timepoints and there was little variation for both PMA-treated (mean +
SD: 4.92 4 0.13, n = 14) and PMA-untreated (mean + SD: 4.71 4+ 0.10,
n = 15) communities (Fig. 1B). However, alpha diversity varied greatly
between the control and copper exposed microbiomes (X2(9) =196.13,
p < .001, Supplementary Table S5), with PMA-treated communities
indicating a significantly higher microbial diversity than the PMA-
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Fig. 1. Seawater microbiome responses following exposure to ten copper concentrations (n = 3 replicates) over five timepoints up to 48-h. Note that samples
collected at timepoint 0-h were obtained prior to the addition of copper. A) Average relative abundance of the microbial community at class level (grouped by phyla).
B) Boxplot of Shannon diversity index (n = 3 replicates). The whiskers symbolize the 10th and 90th percentiles, the box denotes the 25th and 75th percentiles, and
the horizontal line indicates the median. C) Principal coordinate analysis based on Bray-Curtis dissimilarities at amplicon sequence variant level (n = 3 replicates). In
the top series of each panel, samples were treated with propidium monoazide (PMA) post sampling, while samples of the lower series remained untreated.

untreated

communities (Xz(l) =

14.51, p < .001,

Supplementary

Table S5). For example, in the PMA-treated communities, copper
significantly affected alpha diversity already at 2-h exposure (t-ratio

(230) =

4.01, p < .001, Supplementary Table S6), while diversity of the

PMA-untreated communities was largely unaffected until 24-h (t-ratio

(230)

= 4.70, p < .001, Supplementary Table S6). The greatest decline

(26 % relative to control) in alpha diversity was observed at 48-h which
was greater for the PMA-treated communities and post hoc pairwise

contrasts identified that communities exposed to concentrations of >3
pg Cu L7 had a significantly lower diversity compared to the control
microbiome (t-ratio(230) = 3.47, p = .022, Supplementary Table S7).
Similarly, for PMA-untreated communities, concentrations of >26 pg Cu
L! had a significantly lower diversity compared to the control micro-
biome (t-ratio(230) = 5.55, p < .001, Supplementary Table S7).
Notably, there were apparent increases in diversity at the highest con-
centration of 788 pg Cu L ™! for both communities (potentially explained
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by an increase in dissolved organic carbon; Supplementary Table S4 &
Fig. 1B).

The variability in microbial community profiles was further sum-
marized at the ASV-level by investigating the effects of copper on
compositional dissimilarities (Bray-Curtis dissimilarity) (Fig. 1C). When
analysing the control microbiomes of both PMA-treated and PMA-
untreated samples at different timepoints, principal coordinate anal-
ysis (PCoA) displayed clear clusteringof both communities, and no sig-
nificant compositional dissimilarities were detected between
communities within each timepoint (PERMANOVA, PMA:timepoint p >
.05, Supplementary Fig. S3). However, with increasing exposure dura-
tion PCoA revealed a progressive separation of communities, with cop-
per exposure accounting for most of the observed dissimilarities,
explaining 48.6 % of the variation in the first two principal coordinates
(PCs) (Fig. 1C). Both PMA-treated and untreated communities experi-
enced significant changes in response to copper exposure over 48-h
relative to the control microbiome (PERMANOVA; Supplementary
Table S8: treatment*timepoint*PMA). In particular, significant shifts in
the composition of PMA-treated communities occurred at 7-h copper
exposure and all subsequent time points (Supplementary Table S9),
whereas no significant composition changes were observed in the PMA-
untreated communities until 24-h (Supplementary Table S9). Like the
relative abundance profiles and alpha diversity, the strongest commu-
nity shift occurred at 48-h, which was more evident for the PMA-treated
communities and pairwise comparisons revealed that communities
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exposed to >3 pg Cu L™! had significantly different community com-
positions than the control microbiome (Supplementary Table S10).

3.3. Concentration-response relationships for microbial community
similarity, richness, and diversity

In order to derive chronic copper toxicity thresholds for seawater
microbiomes, concentration-response relationships were established
based on Bray-Curtis similarity (as a metric of community composition
change), observed ASV richness and Shannon diversity data (Supple-
mentary Tables S11 & 12). According to the Australian Water Quality
Guideline Values, an exposure duration of >24 h is considered chronic
for microorganisms (Warne et al., 2018). Therefore, x% changes were
only assessed for communities exposed to copper for 48-h and treated
with PMA to only include the response of “viable” community members.

Consistent with the analysis that included all timepoints and com-
munities (PMA-treated and PMA-untreated) (Fig. 1), unconstrained
ordination (PCoA based on Bray-Curtis dissimilarities) supported a
distinct grouping of the PMA-treated communities according to copper
concentrations. The first two PCs explained 65.7 % of variation, and
clustering patterns showed significant dissimilarities (PERMANOVA, F
(9, 20) = 4.34, p < .001, permutations = 9999) between copper expo-
sures (Fig. 2A), but there was no significant difference in multivariate
dispersion among replicates from the same copper concentrations
(PERMDISP2, F(9,20) = 2.00, p = .09, permutations = 9999).

— mHCA1
mHC5

Bray-Curtis similarity

0.25

0.3 1 3 10 30 100 300 1000

Copper (ugL™")

/

— mHCA1
mHC5

4.5

Shannon diversity

3.5

0.3 13 10 30 100 300 1000

Copper (ug L™

Fig. 2. Derivation of microbiome Hazard Concentrations (mHCx). A) Principal coordinate analysis based on Bray-Curtis dissimilarities at amplicon sequence variant
(ASV) level for seawater microbiomes exposed to 10 copper concentrations at 48-h and treated with propidium monoazide (PMA) post sampling. (B—D) Modelled
responses for community similarity, richness and diversity of seawater microbiomes exposed to 10 copper concentrations at 48-h and PMA treatment post sampling:
Modelled concentration-response curve based on B) Bray-Curtis similarity, C) observed ASV richness and D) Shannon diversity. The mHCx represent x% change for
each metric in comparison to the control community (0.18 pg Cu L 7). The dark cyan line represents a 1 % change relative to control, while the orange line equals a 5
% change. Dotted lines show 95 % confidence intervals (CI). Individual fitted responses were restricted to concentrations at which a strict decline was observed.
Shading represents 95 % model CI (n = 3 replicates). Note differences in y-axis scaling for individual figures.
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Changes in community similarities due to increasing copper con-
centrations followed an initial sigmoidal decline, allowing estimates of
thresholds at which x% change in community similarities occurred
(Fig. 2B & Table 2). There was a substantial change in the community
structure across concentration ranges of 1 to ~30 pg Cu L1, after which
the community similarity became more stable across the remainder of
the concentration series (indicating a potential asymptote). While we
cannot predict the response beyond the highest exposure concentration,
the similarity can theoretically reach zero as concentrations increase
further. The models were therefore restricted to concentrations at which
a strict decline relative to the control could be observed, estimating
mHClgy, and mHCSg, values of 0.44 and 1.05 pg Cu L’l, respectively
(Table 2). ASV richness and Shannon diversity followed similar declines
with increasing copper concentrations, again showing evidence of lower
plateaus or increases at very high concentrations (Fig. 2C&D). The
mHC5,c, and mHC54;y were 0.38 and 0.72 pg Cu L’l, respectively
(Table 2).

3.4. Identification of microbial indicator taxa using TITAN

Threshold Indicator Taxa ANalysis (TITAN) identified change points
corresponding to copper concentrations at which the greatest increase or
decrease in the relative abundance/and or frequency occurred for each
ASV (subsequently referred to as increasers or decreasers, respectively)
in the PMA-treated community after 48-h exposure. The indicator ASVs
that met the criteria for purity and reliability (> 0.95, p < .01) are
plotted in Fig. 3, along with their taxon-level change points (values of
copper resulting in the largest indicator z value) that are visualized as a
probability density function of the bootstrapped replicates (nBoot =
1000). A total of 197 decreaser (28 %) and 63 increaser (9 %) ASVs were
detected as significant indicators for copper (Fig. 3, Supplementary
Table S4). These indicator ASVs accounted for 37 % of the prefiltered
community (= 697 ASVs; prefiltered community representing ASVs that
were present in at least three samples). The filtered sum of change points
fsum(z)- was 5.75 pg Cu L1, representing the copper concentration at
which the greatest synchronous decline in the relative abundances and/
or frequencies of ASVs in the indicator seawater microbiome occurred
(Fig. 3, Supplementary Table S13). Conversely, the greatest synchronous
increase (fsum(z)+) was observed at a concentration of 17.3 pg Cu L1
(Fig. 3, Supplementary Table S13).

3.5. Comparison of relative taxon-specific changes
Taxonomic analysis of the indicator ASVs identified by TITAN was

used to illustrate the distribution of decreaser and increaser ASVs among
the various taxonomic levels (Fig. 4A). Out of 22 total classes, decreaser

Table 2
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ASVs were found in 13 classes, whereas increaser ASVs were observed in
only 8 classes (Fig. 4A). These taxa demonstrated clear concentration-
dependent trends, with decreaser ASVs showing declines and increaser
ASVs displaying increases in the relative abundance with increasing
copper concentrations (Fig. 4B).

The classes Alphaproteobacteria, Gammaproteobacteria (phylum
Proteobacteria) and Bacteroidia (phylum Bacteroidetes) were largely
represented by taxa identified as both decreasers and increasers
(Fig. 4A). However, taxa from the classes Deltaproteobacteria (phylum
Proteobacteria), OM190 (phylum Planctomycetes), and Acidimicrobiia
(phylum Actinobacteria) consisted exclusively of decreasers, while the
class Mollicutes (phylum Tenericutes) exclusively included increasers
(Fig. 4A). Within Alphaproteobacteria and Gammaproteobacteria,
several orders demonstrated a high prevalence of consistently identified
decreasers. These orders included SAR11 clade, Parvibaculales, Ocean-
ospirillales, Cellvibrionales, SAR89 clade, and OM182 clade (Fig. 4A).
Conversely, the orders Rhodobacterales and Alteromonadales contained
both indicators but with a higher proportion of decreasers (Fig. 4A).
Among the Bacteroidia, taxa from the orders Chitinophagales and
Cytophagales only compromised decreasers, whereas Flavobacteriales
included both indicators (Fig. 4A). Taxa affiliated with orders Syn-
echococcales and Acholeplasmatales were the only orders primarily
consisting of increasers (Fig. 4A). Non-indicator ASVs were distributed
across most taxonomic classes and orders, displaying various relative
abundance peaks, with no clear increasing or decreasing trends in the
average relative abundance at increasing copper concentrations (not
shown here). The taxonomic assignments of all ASVs identified as in-
dicator and non-indicator ASVs can be found in the Supporting Infor-
mation (Supplementary Table S14).

3.6. Estimating community-level hazard concentration values for a
seawater microbiome using a Prokaryotic Sensitivity Distribution

A cumulative probability Prokaryotic Sensitivity Distribution (PSDgec)
was generated for the TITAN-derived change points of decreaser ASVs
(Fig. 5A). This allowed the estimation of mHCxge. with 95 % confidence
intervals (CI), where the most “sensitive” x percent of decreaser ASVs
had reached a TITAN change point. For example, the most sensitive 5 %
of ASVs of the Proteobacteria, Verrucomicrobia, and Bacteroidetes phyla
were affected at a mHC54e. of 0.61 pg Cu Lt (Fig. 5A&B). See Table 2
for all mHCx values. Since the mHCxge. values were generated from the
PSDge of only decreaser ASVs (a subset of all ASVs in the microbiome) a
second PSD,); was generated that included all ASVs in the microbiome
(including increasers and ASVs with pur.cut/rel.cut <0.95), which
amounted to an increase of 63 % in the number of ASV/change points
(Supplementary Fig. S6). The mHCxy,) values derived from the PSDyy

Microbiome Hazard Concentration thresholds (mHCx) for seawater microbiomes exposed to copper based on Bray-Curtis similarities (C-Rgim; Fig. 2A&B), observed
richness (C-Ryjch; Fig. 2C), Shannon diversity (C-Rqiv; Fig. 2B) and Prokaryotic Sensitivity Distributions (PSD) generated with change points for amplicon sequence
variants (ASVs) identified by Threshold Indicator Taxa ANalysis (TITAN) as decreaser ASVs (PSDgcc; Fig. 5) or generated with change points of all ASVs included in
TITAN (PSDall; Supplementary Fig. S6). mHCx values refer to the copper concentrations at which the microbial community composition, richness or diversity differs
from that of the control community by x%, or the concentration at which x% of ASVs reached a TITAN change point (maximum change in relative abundance and/or
frequency). Australian Water Quality Guideline Values (WQGVs) are also presented as Protection Concentrations (PC; where e.g., PC95 is comparable to mHC5). All
values in pg Cu L™! with 95 % confidence intervals in brackets. NA = not available, — indicates could not be calculated.

mHCx C-Rsim C-Ryich C-Rgiv PSDgec PSD, Australian WQGVs

mHC1 0.44 0.21 0.24 0.30 0.14 0.3 (PC99)
(0.24-2.44) (0.20-0.32) (0.22-1.85) (0.19-0.42) (0.11-0.19)

mHC5 1.05 0.38 0.72 0.61 0.41 1.3 (PC95)
(0.51-2.61) (0.32-0.62) (0.50-3.24) (0.48-0.81) (0.34-0.51)

mHC10 1.66 0.80 2.51 0.91 0.74 3 (PC90)
(0.88-2.80) (0.58-1.40) (1.42-6.97) (0.74-1.16) (0.63-0.88)

mHC20 2.69 3.49 28.1 1.49 1.53 8 (PC80)
(1.82-3.41) (2.08-6.25) (12.0-74.1) (1.24-1.83) (1.33-1.78)

mHC50 8.08 - - 4.05 7.24 NA
(4.22-13.3) (3.32-4.95) (6.06-8.71)
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Fig. 3. Indicator taxa identified by Threshold Indicator Taxa ANalysis (TITAN) in the seawater microbiome exposed to 10 copper concentrations. A) Decrease in the
relative abundances and/or frequencies of individual amplicon sequence variants (ASVs) (decreasers), B) Increase in the relative abundances and/or frequencies of
individual ASVs (increasers). Within each figure, ASV change points (copper concentration resulting in the largest indicator z-scores) are visualized as a probability
density function of the bootstrapped replicates (nBoot = 1000) and ranked based on descending order of the 50 % change point quantiles among bootstrap replicates
(the central tendency of the probability density function) (Baker et al., 2022). The colour gradients are proportional to the indicator z score (magnitude of change).
Only indicator ASVs with purity and reliability scores >0.95 that contribute to the overall fsum(z) are shown. Blue lines represent filtered sum(z) community change
points for decreasers (fsum(z)- = 5.75 pg Cu L) and increasers (fsum(z) + = 17.3 pg Cu L™1). See Supplement Information for individual high-quality figures with
ASV identifiers (Supplementary Fig. S4 which can be referred to the taxonomy of the Supplementary Table S14) arranged along the y-axis.

were fairly robust to this modification, mostly overlapping with their
respective mHCxqe. values (Table 2). Notably, the mHC50,; was nearly
two-times greater than the mHC50ge. (Table 2).

4. Discussion

This study addressed some of the current limitations of deriving
ecologically relevant toxicity thresholds and water quality guideline
values for marine microbiomes by combining a variety of analytical,
toxicity and molecular analysis tools. Our findings, based on compara-
tive relative abundance analyses, suggest that tropical marine micro-
biomes are particularly sensitive to environmental stress caused by
copper contamination and that threshold values established for com-
munity composition, richness, diversity, and changes in relative abun-
dance could serve as useful indicator guidelines for copper pollution in
coral reef ecosystems. The ecological relevance of the experimentally
derived guideline values presented here for marine microbiomes should
be further validated by assessing the loss of microbial function and/or

activity (e.g. shotgun metagenomics, metatranscriptomics) in the same
samples. Functional Hazard Concentration values (fHCx), ensuring the
protection of sensitive yet ecologically important microbial functions,
could then be derived from a Functional Sensitivity Distribution (FSD),
enabling a combined PSD-FSD approach for establishing water quality
guideline values in future.

4.1. Response of the seawater microbiome to copper

Exposure to increasing concentrations of copper led to significant
shifts in the structure of microbial communities. These changes became
more pronounced as the exposure duration increased, particularly in
communities treated with propidium monoazide (PMA). While 16S
rRNA amplicon gene sequencing provides a robust tool for microbiome
research, it remains challenging to distinguish between viable and
nonviable microorganisms present in a sample (Nocker et al., 2006).
However, this distinction is essential when preforming ecotoxicology
testing, where concentration-response modelling should only include
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Fig. 5. Cumulative probability Prokaryotic Sensitivity Distribution (PSDgqe.) for dissolved copper in marine water. A) Average fit based on the relative weights of the
distributions generated from Threshold Indicator Taxa ANalysis (TITAN) change points of the 197 decreaser amplicon sequence variants (ASVs). The model-averaged
95 % confidence interval is shown by the shaded area and the dotted line represents the model-averaged 5 % microbiome Hazard Concentration (mHC5ge.) of 0.61 pg
Cu L™}, where copper is predicted to cause a decrease in the relative abundance and/or frequency (TITAN change points) in the most sensitive 5 % of ASVs (see
Table 2 for all mHCx values). Data points were jittered for presentation to handle overplotting. B) Individual distribution of ASVs along the averaged fit grouped by
phyla. Note all other ASVs unclassified at phylum level were included in estimates as Bacteria_unclassified.

viable community members, akin to a survival assessment for eukaryotic
taxa.

The application of PMA resulted in lower DNA yields, suggesting
signals from relic DNA were reduced in PMA-treated communities
without compromising the proportion of intact cells (since the control
microbiomes showed uniform community assembly patterns and no
compositional dissimilarities were observed between PMA-treated and
PMA-untreated communities). However, compositional differences be-
tween communities intensified as copper concentrations increased, with
copper exposed communities becoming more rapidly distinct from the
control microbiomes. Notably, cells with intact membranes are not
automatically assumed to be viable, as intact cells can experience a loss
of functionality or metabolic activity before membrane disintegration
(Nocker and Camper, 2009).

The effectiveness of PMA has been validated in several studies across
various cell or sample types (such as soil, spacecraft cleanrooms,
zebrafish, faecal cells in seawater, food samples) (Bae and Wuertz, 2009;
Carini et al.,, 2016; Hirohara et al., 2021; Pan and Breidt Jr, 2007;
Vaishampayan et al., 2013). However, PMA performance can be highly
influenced by various factors such as microbial community properties
(e.g., initial biomass, sample types, and compositional diversity) dye
concentration, light exposure, incubation time and temperature, as well
as sample turbidity and salt content (Emerson et al., 2017; Wang et al.,
2021). While some of these factors may have influenced the current
study, the sample type, biomass, initial community structure and
experimental conditions were all consistent between samples, reducing
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the likelihood that the efficacy of PMA treatment would differ within the
experiment. Despite these limitations, PMA application appears to have
potential to reduce DNA signals of membrane-compromised cells from
the analysis in controlled contaminant exposure experiments, but the
effectiveness of this technique should be further assessed with natural
seawater samples and against other methods, such as cell-viability flow
cytometry, cellular metabolism (e.g. stable isotope labelling), RNA-
based methods (e.g. transcriptomics) or protein-based methods (e.g.
proteomics).

4.2. Concentration-response relationships for community structure and
diversity

Traditional multivariate analysis methods (i.e. cluster analysis,
principal component analysis, correspondence analysis, multidimen-
sional scaling, network analysis) and hypothesis-driven techniques (e.g.,
permutational multivariate analysis of variance, redundancy analysis,
Mantel tests) represent powerful tools to study microbial community
assembly patterns (Galloway-Pena and Hanson, 2020; Ramette, 2007).
However, these applications have limited efficiency to estimate effect
thresholds or identify response profiles of individual taxa. Quantitative
methods, such as concentration-response modelling are not typically
used for microbial community analysis but could be more suitable in
identifying relevant risk thresholds. By applying multi-model fitting
with Bayesian model averaging, we demonstrated that microbial com-
munity composition, diversity, and richness were substantially reduced
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in response to copper exposure. Threshold values were estimated at
concentrations of mHGCgj,, = 1.05 (Fig. 2B), mHCg4;y = 0.72 pg Cu L!
(Fig. 2C), and mHCc, = 0.38 (Fig. 2C), respectively, indicating marine
microbiomes can already be impaired by low concentrations of copper.
Notably, the mHC1 ¢, to mHC10yc, estimates were substantially lower
than the respective mHCxgin, and mHCxg;y thresholds, driven by two low
ASV richness values at 0.27 pg Cu L™, Diversity measures (e.g., Shannon
index, richness, evenness) are often influenced by systemic biases
introduced in sequence-based microbiome studies, such as DNA
extraction, library preparation and sequencing (e.g., PCR amplification,
primer choice, sequencing depths), as well as downstream bioinformatic
analysis (e.g., pre-filtering, rarefaction) (Nearing et al., 2021). Since
both sample richness and sample-based richness estimators are highly
sensitive to sampling effort and relative abundance, their estimation is
strongly influenced by the detection of rare taxa (Roswell et al., 2021).
This could result in an increased estimation uncertainty, emphasizing
the need for exercising caution when assessing guideline values based on
richness estimators. Nevertheless, the derived thresholds for copper are
similar to concentration ranges typically reported in moderately to
highly contaminated tropical marine environments (Bakary et al., 2015;
Jonathan et al., 2011; Kroon et al., 2015; Stauber and Davies, 2000).
Thresholds generated from concentration-response relationships
based on microbial diversity and community (dis)similarities have been
proposed before by Arbel et al. (2015), where a Bayesian nonparametric
model was applied to assess the response of Antarctic soil microbial
communities to fuel contamination. Toxicity thresholds for copper have
not been previously reported for marine microbiomes, but it has been
demonstrated copper can elicit ecotoxicological effects on microbial
communities found in other marine ecosystems or host species, such as
biofilms (Corcoll et al., 2019), sediments (Yang et al., 2018), soil (Kou
et al., 2018), corals (Gissi et al., 2019), and sponges (Webster et al.,
2001). For example, copper affected diversity and community structure
of marine periphytic biofilms collected on the west coast of Sweden at
3.81 pg Cu L1 (Corcoll et al., 2019), and shifted the microbiomes of the
coral Acropora muricata and the sponge Rhopaloeides odorabile at 11 pg
Cul™ (Gissi et al., 2019) and 19.4 pg Cu L! (Webster et al., 2001),
respectively. Although, direct comparisons between studies should be
drawn with caution (due to differences in microbial species and
ecosystem types, for example host tissue may moderate or exacerbate
the exposure of symbiotic microbiomes to contaminants such as copper),
toxicity thresholds for marine microbial communities estimated in this
study are substantially lower than those reported in other studies.
Ecotoxicology studies predominantly assess the response of a single
species, but contamination often has broader implications for entire
aquatic communities and ecosystems. While potentially introducing
some experimental artefacts, microcosm exposures, similar to the sys-
tem applied here, allow for ecological competition and taxa substitution
to shape the communities under acute and chronic toxicant exposure,
resembling in situ conditions more closely than toxicity tests on single
species. The rapid turnover of marine microorganisms ensures that over
a short exposure period, the community-level response to a toxicant
captures a mixed combination of survival, growth, and reproduction
responses of individual taxa within the community. These responses are
dynamically influenced by intricate interactions that change with a
shifting community structure and the increase of dissolved organic
carbon (DOC) at higher contaminant concentrations, originating from
various processes such as the decomposition of organic matter (e.g., rare
taxa might exhibit an increased susceptibility to copper, resulting in
their accelerated decline). As a primary carbon and energy source, an
increased availability of DOC may contribute to an enhanced microbial
activity of taxa that respond positively to copper. This hormetic or
subsidy-stress response could potentially drive a phase shift within the
system towards a distinct community state characterized by a dissimilar
community structure and functional potential compared to the original
community state. The resultant secondary changes in water chemistry
can further influence the toxicity of copper, for example, the aquatic
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toxicity of copper is expected to reduce with increasing DOC concen-
trations (ANZG, 2018, 2023) due to the formation of soluble complexes
that reduce the availability of free copper ions (Brooks and Waldock,
2009). This complexation reduces the toxicity of copper to aquatic life,
which may explain the observed increase in community composition
similarity, diversity, and richness at copper concentrations >100 pg L1,
These responses and their collective outcome represent a practical and
valuable metric for understanding the impact of contaminants on the
microbial ecosystem as a whole and are ecologically relevant in situ. In
this context, we propose the use of mHCx values for deriving microbial
community thresholds, rather than effect concentration values (ECx),
which represent a measure of an x% decline in a single toxicity endpoint
for a single species.

4.3. Identification of microbial indicator taxa using TITAN

TITAN has found wide application in community ecology to explain
taxon contributions to community changes along environmental gradi-
ents in diverse environments (e.g. aquatic, sediment, soil) and for
various environmental, climate and geographical variable gradients
(Gieswein et al., 2019; Jiao and Lu, 2020; Simonin et al., 2019; van der
Linde et al., 2018). In this study, TITAN identified 37 % of microbial
indicator ASVs that exhibited a statistically reliable response to copper,
with a substantially larger proportion responding with a decrease in
relative abundance and/or frequency to copper. Taxon change points for
decreasers were also observed at lower concentrations than those of
increasers. The copper concentration at which the greatest synchronous
decline in the relative abundances and/or frequencies of ASVs (fsum(z-))
was estimated to be 5.75 pg Cu L~L. The fsum(z-) does not represent the
lowest threshold at which the most sensitive ASVs are affected, rather it
signifies the copper concentration at which the greatest aggregate of
community change occurs (Baker and King, 2010). The fsum(z-) value
therefore is not directly comparable to lower thresholds identified for
community composition (using concentration-response modelling);
however, it was similar to the concentration at which the community
similarity was half of that in the control treatment (mHC50gj,, = 8.08 pg
Cu L™1). Despite the significant shift in community composition, TITAN
analysis identified the majority of taxa (63 %) as non-indicators (purity
and reliability scores <0.95). This could be attributed to the stringent
data requirements by TITAN to identify statistically reliable indicator
taxa via bootstrapping. For example, non-indicator taxa could include
taxa with an inconsistent response pattern, as well as taxa present in
only a limited number of samples or at relatively low abundance,
making them unable to be confidently identified as robust responders
despite exhibiting an increasing or decreasing response pattern.
Extending the copper concentration gradient (increasing the number of
concentrations), while reducing sample replication when applying
TITAN, is likely to improve the ability of TITAN to detect reliable in-
dicator taxa through bootstrapping. In studies of this nature, TITAN
could prove valuable as a screening tool for identifying indicator taxa for
the generation of individual concentration-response curves (e.g., using
Bayesian concentration-response model averaging).

4.4. Comparison of relative taxon-specific changes

TITAN analysis revealed that indicator taxa were broadly phyloge-
netically distributed and consistent taxa responses were only observed
within a few specific taxonomic groups. These results are likely due to
copper's nonspecific toxicity that can impact multiple processes
including the cellular redox potential (formation of reactive oxygen
species), protein function (due to copper displacing other metals from
binding sites), damage of nucleic acids as well as result in protein mis-
folding or inhibition of essential processes, like lipoprotein and pepti-
doglycan maturation (Giachino and Waldron, 2020). The potential for
copper to elicit different responses within a taxonomic group, indicates
that attempts to apply community-based toxicity thresholds at higher
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taxonomic ranks (e.g., phylum, class, order or family level) is likely to be
confounded by opposing responses by closely related taxa, emphasizing
the importance of establishing threshold values at the ASV-level in
future studies.

Generally, there is limited knowledge of the response of tropical
marine microbiomes to copper, indeed most of our understanding of
copper toxicity on prokaryotes stems from research conducted on the
bacterial model organism Escherichia coli (Dupont et al., 2011; Giachino
and Waldron, 2020; Outten et al., 2000). Several studies support the
hypothesis that prokaryotes have evolved a range of taxa-specific
mechanisms allowing them to maintain copper homeostasis, while
controlling intracellular copper to avoid cellular toxicity (Rensing and
McDevitt, 2013; Ridge et al., 2008). These mechanisms include the
involvement of transmembrane copper export proteins, copper seques-
tration by metallothioneins, and copper detoxification (Ladomersky and
Petris, 2015). For example, while metallothioneins are commonly found
in eukaryotes, they are comparatively rare in bacteria, but have been
identified in the cyanobacterium Synechococcus sp. (Olafson et al.,
1979). In this study, taxa belonging to the order Synechococcales were
exclusively identified as increasing indicators and these results are
consistent with previous studies where Synechococcus was reported to be
relatively copper resistant across a range of environments in the Sar-
gasso Sea (Mann et al., 2002). Moreover, the distribution and abundance
of marine cyanobacteria is significantly influenced by the metal
bioavailability of copper, as these organisms have a high copper
requirement for the photosynthetic electron transfer protein, plastocy-
anin (Huertas et al., 2014; Mann et al., 2002).

This highlights the challenge posed by extending single-species
toxicology testing to the community level. Typically, ecotoxicology as-
sessments are conducted using species that exhibit a strict monotonic
declining response to a specific stressor. Yet, when applying this
approach to establish thresholds on a microbial community scale, we
encounter a substantial portion of taxa that respond with a hormetic
concentration response, characterized by a dose-stimulation. While
quantitative modelling of non-montonic response curves is a key step in
understanding its impact and implication at the whole ecosystem scale
(Zhu et al., 2013), these types of response patterns receive less consid-
eration in the generation of Species Sensitivity Distributions (SSDs). In
this context, deviating from the traditional SSD approach based solely on
effect concentration thresholds causing a decline is essential. This
transition requires acknowledging that alterations in a community,
irrespective of response type, drive the community towards a distinct
state, characterized by a dissimilar community structure and function
potential compared to the original community state.

4.5. Deriving water quality guideline values for a seawater microbiome

The generation of a copper exposure PSDge. for a tropical marine
seawater microbiome derived from TITAN change points enabled the
estimation of mHCx values based on a single chronic exposure experi-
ment. Here, the mHC54,. represents a concentration below which 95 %
of the decreasing indicator community would be protected from copper
exposure. This approach is similar to that used to derive water quality
guideline values in Australia, where PC95 values (equivalent to HC5) are
estimated from SSDs (Warne et al., 2018). The current Australian
guideline values for copper have been generated from SSDs that include
primarily eukaryotic toxicity data (i.e., 70 marine species from five
taxonomic groups) (ANZG, 2018). However, similar datasets are not
available for the response of marine microbial communities to con-
taminants, such as copper, and only two studies have applied the SSD
methodology to microbial communities. Doolette et al. (2016) derived
the first SSD for prokaryotes based on the response of soil microbial
communities to silver contamination, while Yang et al. (2018) later
developed a microbial SSD for copper-contaminated sediment commu-
nities (field and laboratory cultured communities). In this study, the
mHC54e. guideline values of copper based on 197 microbial taxa
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representing 10 phyla was estimated as 0.61 pg Cu L™}, over two-fold
lower than the marine Australian and New Zealand default HC5 of
1.3 pg Cu L7! based on eukaryotic data (ANZG, 2018). However, the
mHC14ec and mHC54e. values were lower than the limit of reporting for
copper in seawater of 0.7 pg L1, introducing a degree of uncertainty as
the lower three copper concentrations (including the control concen-
tration of 0.18 pg L™!) were estimated from a regression analysis. This is
a common issue for toxicity studies, where low effect concentrations are
similar to the analytical resolution and ultra-trace copper analysis may
help resolve the accuracy of ambient copper concentration measure-
ments in future investigations. Nevertheless, the derived control con-
centration was consistent with dissolved copper concentrations of 0.09
to 0.3 pg L' for uncontaminated coastal waters, including the Great
Barrier Reef (Apte et al., 2017; Kroon et al., 2015; Stauber and Davies,
2000). Further studies applying improved analytical resolution along
with quantitative microbiome profiling are needed for validation of the
estimated mHCx values for copper-exposed marine microbiomes.

Our findings suggest that marine microbial communities may be
more sensitive to copper than eukaryotic taxa, and that the current
marine copper guideline values may not be sufficiently protective for
these communities. For example, some microbial taxa such as those
belonging to Proteobacteria, Verrucomicrobia, and Bacteroidetes phyla
displayed a greater sensitivity to copper than most macroinvertebrates
(change points less than the ANZG HC1 (PC99) of 0.3 pg Cu L~1). While
the established water quality guideline values may not sufficiently
safeguard the community structure, further research is warranted to
examine the effects of copper toxicity at the functional level within the
same community. This is particularly important as alterations in com-
munity structure may not directly correspond to modifications in the
functional potential of the community due to the functional redundancy
inherent in most microbial ecosystem (Allison and Martiny, 2008; Louca
et al.,, 2018; Yin et al., 2000). However, even if certain community
members retain the capacity to perform analogous functions akin to the
original community, the overall decline in microbial cell abundance
with increasing copper exposure could ultimately result in the reduced
efficiency and/or generation of the same metabolic by-products, and
eventually (directly or indirectly) influence the metabolic activity of the
entire community (Riah-Anglet et al., 2015).

To our knowledge, this is the first study to construct a cumulative
distribution of effect responses with DNA sequence data for marine
microbiomes exposed to copper. Although, PSDs and SSDs are both
represent cumulative distributions of taxa sensitivity against a
contaminant concentration, there are some differences that should be
noted when making direct comparisons. SSDs are generated from EC10,
NOEC (No Observed Effect Concentration) or NEC (No Effect Concen-
tration) data which represent low but quantitatively meaningful or
significant thresholds at (or below) which toxicity was not observed
(Duboudin et al., 2004; Warne et al., 2018). The TITAN change points
used to generate the PSDg.. also represent statistically meaningful
concentrations, but differ in that individual change points are related to
the magnitude of change in relative abundance and/or frequency along
the copper concentrations (indicated by z-scores) (Baker and King,
2010). In some cases, change point values may be numerically similar to
EC10s (if the maximum change is small), while others may be more
similar to EC50 values (where maximum change is large, see examples in
Fig. 4B). In this sense, the estimated change points do not represent a
uniform effect threshold metric, but instead reflect the most reliable
estimation of response concentrations. mHCxge. values derived from the
PSDgec approach may therefore result in less conservative (higher)
thresholds than guideline values estimated from a traditional SSD
approach. Furthermore, the applied copper treatments do not represent
a series of unique concentrations along a gradient (as normally
addressed by TITAN), but rather a discrete series of concentrations with
replication. In this instance, the generated change points are often
restricted to the applied treatment concentrations and therefore
resemble a No Observed Effect Concentration (NOEC) which is the
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highest tested concentration, where no statistically significant difference
of effect is observed relative to the control. However, it should be
emphasized that the mHCxge. values were derived from a modelled
distribution of TITAN change points and are therefore not constrained to
the applied treatment values. The mHCxge. values estimated from
change points of ASVs that decreased in relative abundance were similar
to the mHCx, values derived from change points of all ASVs included in
the TITAN analysis. For instance, the 5th percentile of most sensitive
decreasing ASVs were affected at a mHC54e. of 0.61 pg Cu L’l, com-
parable to the PSD,; mHC5 of 0.41 pg Cu L%, representing the con-
centration at which 5 % of all ASVs in the microbiome underwent
maximum change in relative abundance/and or frequency. Although
this later approach included change points of ASVs with purity and
reliability values below 0.95, as well as ASVs identified by TITAN as
increasers, the agreement between the mHCx values obtained from both
PSD approaches provides evidence that the mHC5¢e. of copper-sensitive
decreasing ASVs is representative of relative changes across the entire
microbiome.

4.6. Outlook for deriving microbial toxicity thresholds

This study provides a holistic (modelling) approach for establishing
ecologically relevant toxicity thresholds for marine microbiomes at both
community- and ASV-level. This approach will have broad utility for
microbial systems associated with a diversity of habitats, yet there are
several limitations that need to be considered in applying toxicity
thresholds and guideline values derived in this way. For example, DNA
metabarcoding of microbiome data generally provides information on
the proportional representation of different taxa within a community
but does not reveal the absolute taxa abundance (Vandeputte et al.,
2017). By incorporating absolute quantification of microbial abun-
dances encompassing both cell-based (e.g., flow cytometry) and mo-
lecular methods (e.g., qPCR, dPCR, ddPCR), quantitative microbiome
profiling has the potential to validate the established metabarcoding
approach but also highlights any potential limitations in deriving
thresholds based on relative abundance data. This would facilitate ab-
solute concentration-response modelling of individual taxa within the
community and represents an important future development in micro-
bial ecotoxicology towards a quantitative diagnosis.

Adding to the challenge of interpreting ecological relevance, mi-
crobial responses to contaminants assessed via community profiling do
not address changes in key functions or metabolic pathways. This holds
significant importance as it seems that certain metabolic functions might
be decoupled from the taxonomic community composition or phylog-
eny, potentially due to the adaptive loss of function, convergent evolu-
tion, and horizontal gene transfer (Louca et al., 2018). Moreover, most
metabolic functions are not monophyletic, meaning no single species
exclusively represents a specific function (Martiny et al., 2015). As such,
measuring the taxa abundances by a phylogenetic marker is not neces-
sarily indicative of the functional characteristics. This will require the
incorporation of multi-omics sequencing approaches, such as shotgun
metagenomics, metatranscriptomics, and metabolomics allowing for
inference of functional and metabolic capabilities in parallel to abun-
dance profiling (Bashiardes et al., 2016; Hugenholtz and Tyson, 2008).
For example, Webster et al. (2018) proposed addressing this issue with a
combination of metagenomic/metatranscriptomic sequencing and sta-
ble isotope analysis methods to differentiate active from nonactive cells.
Concentration-response curves for individual microbial functions could
augment taxa-based approaches developed here, with the generation of
Functional Sensitivity Distributions (FSDs) allowing the estimation of
Hazard Concentrations for microbial community functions (i.e., fHCx).
Challenges include our incomplete understanding of interaction net-
works, functional redundancy, and the potential for missing/undiscov-
ered microbial functions.

14

Science of the Total Environment 904 (2023) 166658

When deriving water quality guideline values at microbial scales one
must also consider that estimates of microbial taxa sensitivities may vary
substantially for communities of different source environments, due to
environmental variation, spatial heterogeneity and niche partitioning
(Frade et al., 2020; Muscarella et al., 2019). Thus, it may not be feasible
to develop universal guidelines that apply equally to a wide range of
microbial communities found in tropical marine ecosystems. A frame-
work that accounts for site-specific risk thresholds is therefore needed
for developing tailored water quality guideline values that can be
refined and adapted according to local environmental conditions and
site disturbance history (van Dam et al., 2019). Comparisons of micro-
bial community responses across locations could also aid in character-
izing core microbiomes or indicator microorganisms that are
consistently sensitive to a particular stressor or multiple stressors across
diverse human-impacted environments (Abreu et al., 2022).

5. Conclusion

Building a comprehensive baseline dataset of response profiles and
thresholds for microbiomes across habitats is critical to developing a
global understanding of how prokaryotes respond to environmental
stress. The methods developed here to derive community level thresh-
olds and Hazard Concentrations for copper contamination by combining
16S rRNA gene amplicon sequencing (restricted to viable cells) with
concentration-response modelling and the generation of a cumulative
response distribution (based on indicator taxa) represents substantial
progress in unifying methods applied in environmental microbiology
and ecotoxicology. The microbiome Hazard Concentrations derived for
copper were lower than the current Australian Water Quality Guideline
Value based on eukaryotic communities, suggesting marine microbial
communities may be more vulnerable and therefore insufficiently pro-
tected from copper pollution. Ultimately, the development of more
robust guideline values for microbial communities and/or incorporation
of response thresholds for microbial communities into the derivation of
guideline values across a broader taxonomic range (combining pro-
karyotic and eukaryotic threshold data) would represent a major step
towards accounting for whole ecosystem responses to anthropogenic
pressures.

Supplementary data to this article can be found online at https://doi.
org/10.1016/j.scitotenv.2023.166658.
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