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Abstract

Human driven environmental change is having a widespread negative impact
upon the planet’s biodiversity. Biodiversity is key to delivering the ecosystem
functions and services which maintain a healthy environment. However, existing
methods for monitoring biodiversity and understanding the interrelations
between environmental change and biodiversity change are lacking. Traditional
methods for biodiversity monitoring are taxonomically limited, labour intensive
and low throughput, all of which results in a lack of whole community

biodiversity data.

In this thesis, | set out a novel framework which utilises big data science to
combine whole community biodiversity data with multiple environmental
matrices and applies machine learning approaches to uncover the relationships
between environmental and biodiversity change. | then applied this framework
to a pilot lake to find correlations between the historical community, as
measured using sedimentary environmental DNA, biocide usage and climate
change. | show that the combination of these pressures can explain a large
proportion of the variation in the lake community over time, underlining the

value of longitudinal data analysis.

| improve on the processing of environmental DNA samples by developing a
novel multiplexed metabarcoding method which utilises an early pooling
approach and validate the method across biological matrices. This method

offers a large reduction in library preparation cost and labour.




| then apply the multiplex method to two different sample types (water and
biofilm) from over 50 lakes across England to assess spatial variation in
freshwater communities. | showed that established regulatory methods under
the water framework directive to classify lakes do not explain all of the variation

in community diversity.

This thesis shows that whole community approaches, which capture variation in
prokaryotic and eukaryotic biodiversity, can better reflect responses to
environmental change and changes in ecosystem function and service delivery.
This can be utilised to identify the factors, or combination of factors, most
disruptive to biodiversity and therefore potential targets for regulation and

remediation.
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Chapter 1: introbucTioN

1.1 BIODIVERSITY, ECOSYSTEM FUNCTIONS AND ECOSYSTEM
SERVICES

Ecosystems are self-sustaining and self-regulating systems that provide
ecosystem services (ES), including provisioning (food), regulating (e.g. climate),
supporting (nutrient cycling, primary production), and cultural (e.g. aesthetic and
recreational) services (Mace, Norris, and Fitter, 2012). A sustained delivery of
services while maintaining the integrity of natural ecosystems is challenging
because natural capital is finite and the impact of human intervention on
ecosystems is uncertain and/ or unknown across different spatial, temporal, and
economic scales (DeFries and Nagendra, 2017). Ecosystem management is
complicated because complex and interdependent interactions among the
components of an ecosystem create non-linear feedback (Hannah et al., 2007),
increasing the uncertainty of risks and unpredictable consequences (Fig. 1).
Additionally, the ecological and economic values of these risks can diverge;
limited resources, competing objectives and the need for economic profitability
are at the core of the so-called ‘wicked problem’ — complex, open-ended and

intractable - of ecosystem services (Jax et al., 2018).

In the last 50 years, 60% of ES have deteriorated or been overused (Mace,
Norris, and Fitter 2012). Rapid and severe biodiversity loss has been identified
as its main cause (e.g. Cardinale et al., 2012). International governing bodies
have set targets to preserve biodiversity and ES (e.g. the Convention of

Biological Diversity 2012 and the Aichi Biodiversity Targets 2019). However,



despite these efforts, the first Global Assessment of the Intergovernmental
Science-Policy Platform on Biodiversity and Ecosystem Services (IPBES) in
2020 found an accelerating decline in Earth’s biodiversity and associated
services caused by an increasing use of natural (finite) resources to meet

human needs (Ruckelshaus et al., 2020).

Mitigation interventions aimed at conserving and restoring natural capital have
so far been inefficient and inadequate. This is in part because research on
biodiversity and ES is constrained by disciplinary boundaries, whereas truly
cross-disciplinary solutions are needed (Barnosky, Ehrlich, and Hadly, 2016).
Disciplinary approaches may neglect process interactions, result in research
undertaken at inappropriate or disconnected scales, or use discipline-specific
tools which are inadequate to address cross-disciplinary questions (e.g. Roux et
al., 2017). Scientific knowledge has also rarely been translated into tools for
stakeholders that address ecological, economic and social issues within the
same framework (Ehrlich, Kareiva, and Daily, 2012). Decision-making
frameworks that enable the prioritization of intervention mechanisms based on
objective evidence weighting ecological as well as socio-economic priorities
simply do not exist. Relative to other forms of capital assets, natural capital is
undervalued by governments, businesses and the public and recognized only

upon its loss (Kinzig et al., 2011).

There is wide agreement that biodiversity has some intrinsic value, however
there is no consensus on the explicit value of biodiversity. Biodiversity can be

valued by the services derived from the organisms in the environment (the




‘ecosystem services perspective’) or simply due to the existence of the diversity
of species and genes within the environment (the ‘conservation perspective’)
(Mace, Norris, and Fitter, 2012). In the former, a functional role is implicit but
does not reflect the values that people hold for biodiversity beyond its functional
role in ecosystem processes, therefore somewhat neglecting the cultural value
of biodiversity. In the latter, the role of biodiversity in underpinning ecosystem
processes is ignored, and conservation efforts often focus on a subset of
charismatic and/or threatened species (Smith et al., 2012). Neither of these
perspectives captures the complexity and dynamics of biodiversity and its links

to ES.

Linking biodiversity to ecosystem function and service is challenging because of
the inherent complexity of biodiversity (e.g Durance et al., 2016). Growing
evidence shows that biological diversity (the variation in genes, species,
functional traits) is positively correlated to overall ecosystem function (resource
capture, biomass production, decomposition, nutrient cycling) (Cardinale et al.,
2012). Higher levels of biodiversity thus imply higher levels of ecosystem
function and ecosystem services. This is self evident when considering
provisioning services (e.g. provision of fish), or regulating services
(decomposition), but is less obvious with services of a cultural nature. These
services are defined by the beneficiary and they may thus differ across
individuals, communities and generations (e.g. wars over water; Shiva, 2002).
However, because biodiversity can affect multifunctionality of ecosystems in
non-additive ways compared to its effects on individual ecosystem processes

(Perkins et al., 2015), preservation of increased volumes of biodiversity can be




effective for maintaining ecosystem services. Ecologists have progressed to
better understand what aspects of biodiversity - richness or evenness, in traits,
genes, or phylogenies (e.g. Cadotte, 2013); community structure and
composition (Spaak et al., 2017) - contribute to ecosystem functions. Studies
that span environmental change from community shifts to altered ecosystem
functions are needed to gain a mechanistic understanding of current and future

dynamics (Stockwell et al., 2020).

Establishing links between biodiversity and ES is further complicated by
environmental factors affecting biodiversity dynamics, including ‘traditional’
(e.g., overexploitation, pollution, agriculture/land-use change) and ‘horizon’
(e.g., climate change) threats (Fig. 1) (Bonebrake et al., 2019). The main drivers
of biodiversity loss include land use change, exploitation of natural resources,
chemical pollution and climate change (Jaureguiberry et al., 2022). However,
the drivers of biodiversity loss are not necessarily the same as the drivers of
biodiversity change (e.g. community composition alteration) (Jaureguiberry et
al., 2022), complicating the conservation of biodiversity based simply on
species presence and instead underlining the need for an EF/ES approach to

preserve ecosystems as a whole.

There are increasing efforts to understand the impact of chemical pollutants on
biodiversity beyond simple pollution scenarios (e.g. acid rain) (Cardinale et al.,
2012). Ultimately, the combined effect of multiple threats has to be considered,
knowing that synergistic effects among environmental threats are responsible

for at least 50 and up to 68% of species or community changes (Jackson et al.,

2016). However, understanding biodiversity responses to multiple threats is




challenging because they affect biotic interactions — e.g. insecticides impact on
freshwater invertebrates increases nutrient pollution by (toxic) algal blooms by
reducing grazing pressure (Alexander et al., 2013); ecological trade-offs — e.g.
habitat modification can exacerbate the impacts of invasive predators (Doherty
et al., 2015); and patterns of local adaptation - e.g. extinction most commonly
occurs when threats are outside the evolutionary experience of species or
outpace adaptation (Brook, Sodhi, and Bradshaw, 2008). Moreover, causes of
biodiversity loss can operate on different spatial and temporal scales
(Bonebrake et al., 2019) and are all context-dependent outcomes from
processes operating over many years (Nogues-Bravo et al., 2018). Indeed,
research on the impact of chemical pollution upon biodiversity change as a
whole is still lacking in comparison to the impact of other environmental

stressors upon biodiversity (Sylvester et al., 2023)

1.2 CURRENT METHODS OF ASSESMENT

Existing assessments of the impact of environmental stressors, including
chemical pollution and climate change, tend to consider a single stress. For
example, ecotoxicological assessments of new compounds are carried out in
isolation, with no regulatory requirement for mixture assessment, therefore
missing any synergistic effects. Indeed, research upon mixture effects typically
considers the mixture of a very small number (as few as two) of chemicals
(Martin et al., 2021). Furthermore, the impact of these chemicals is assessed
upon species in isolation, with no direct assessment of trophic interactions and

therefore impacts upon larger communities. Keystone or species are used for




such assessments, however this will still not capture any dynamics of species

interactions or feedback between organisms.

Ecological processes, biodiversity dynamics, and environmental change occur
over time. For example, synthetic chemical production has increased at a higher
rate than most other stressors between 1970 and 2010 (Bernhardt, Rosi, and
Gessner, 2017). Currently, regime shifts are measured in comparison to already
shifted baselines, failing to elucidate the causes and processes causing the
shifts. Long-term data also provide access to baseline observations predating
major environmental impact to better understand long-term dynamics leading to
current patterns (Nogues-Bravo et al., 2018). However, collecting these data
requires commitments beyond research projects, and often beyond human

lifespans.

A valuable source of longitudinal data are historical documents and paleo and
archeo data (Lotze and Worm, 2009), such as species assemblages, pollen
records, nutrient loads, and historical contaminant profiles in dated sediment
and ice cores. This data can be used to improve environmental reconstructions
that examine the impacts of land use changes, environmental stressors and
other contaminants (Korosi et al., 2017). Yet, retrospective characterization of
past effects of contaminants in aquatic ecosystems are poorly understood which
may be explained by fossil remains analysis (morphotaxonomy) requiring
specialist skills (e.g. light microscopy and taxonomy), being low throughput and
limited to taxonomic groups with well-preserved remains in environmental

matrices (e.g. pollen, exoskeletons, bones).
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To compensate for scarce longitudinal data, researchers often use space-for-
time-substitutions, studying the relationships between ecological variables at
sites that are assumed to be at different stages of the same succession (e.g.
clines) (Damgaard, 2019). This is useful when the drivers that control biological
turnover in time are the same as drivers that operate in space (Wogan and
Wang, 2018), and when the dynamics studied occur over short time-frames
(Banet and Trexler, 2013). However, it is problematic because it assumes static
environments, requires that the observed spatial patterns are due to different
realizations of the equilibrium properties of the studied ecological process, and

that the temporal dynamics at the site level are ignored (Damgaard, 2019).

Moreover, current standard toxicology tests tend to consider only short term,
acute effects upon organisms, missing longer term (within organism lifetime) or
intergenerational effects. Some chemical compounds can persist for decades,
even after regulatory changes (Silva et al., 2019) meaning long term biological
phenomena, such as adaptation and evolution, can come into play in the
biological response. However, the relationship between evolution and
ecosystem services remains largely unexplored and omitted in model forecasts

(Rudman et al., 2017).

Surveillance of biodiversity itself is biased towards a few taxa, often chosen for
their distinctive morphology and existing knowledge of their ecological,
alongside known responses to specific environmental stressors (de Olde et al.,
2017; Cooper, Gilmour, and Fabricius, 2009). Monitoring of a small number of
taxa is attractive due to the reduced cost, versus multiple species monitoring.

Morphological identification of these taxa can also give additional information




such as body condition or behaviour. Such bioindicator species are typically
habitat or pressure specific, with limited overlap or relevance in other
environments and stressors (Puig-Girones and Real, 2022). Morphological
identification of these species can be complicated by cryptic diversity and
changes in appearance throughout life stages, and also requires specialist skills
which are typically not transferable to other taxonomic groups. Morphological
dentification of live organisms is low throughput and prone to operator bias, as it
is labour intensive for another operator to independently identify the same
specimen, if it is even still available (e.g. if the specimen is released back into

the environment).

Environmental stressors are also spatially heterogenous, with variances across
regions, for example due to weather patterns or agricultural practices.
Geographic features, such as watershed boundaries, further cause regional
differences, as pollution events from sewage treatment works or farming may
be concentrated in specific watercourses. Measurements of environmental
factors often have limited spatial resolution, for example of the state-of-the-art
General Circulation Models (GCMs) that are used to generate future climate
change projections (IPCC. 2018)) are limited to approx. 100km2. Whilst the
change in global mean temperature can be simulated with relatively small
uncertainties, regional changes in temperature and precipitation can carry
substantial uncertainties due to biases in the simulated atmospheric circulation

(e.g. Woollings, 2010).

In this thesis | focus on freshwater ecosystems and their services because

these ecosystems are ecologically and societally valuable, delivering important




ecosystem services (e.g. clean water, food provision and recreation) and under
increasing threat of destruction and degradation (Ruckelshaus et al., 2020).
Freshwater habitats are diverse, including drylands, wetlands, streams/rivers
and ponds/lakes, and geographically widely distributed, ranging from the poles
to the equator. Many water-dependent ecosystems are of high conservation
value. Freshwater ecosystems are also among the most impacted by
biodiversity loss, with an 83% reduction in the global freshwater living planet
index since 1970 (WWF, 2018). Lakes, and their communities, are particularly
vulnerable to chemical pollution as the pollutants within the watershed of the

lake can be concentrated into the lake (Gloege et al., 2020).

1.3 LONG TERM DATA

Longitudinal data are paramount to explain present-day patterns and to model
cause-effect relations between biodiversity and environmental change (Baert et
al., 2016). They are valuable for studying biodiversity dynamics bridging the gap
between the timescale of empirical observations (at most one year) and the
scales at which the underlying biological processes take place (at least multiple

decades) (Balint, Pfenninger, et al., 2018).

Coupling longitudinal biodiversity data with the continuous assessment of
environmental change offers enormous potential to establish the cause-effect
relationships between environmental variables and biodiversity change or loss.
Continuous biodiversity longitudinal data spanning evolutionary timescales
coupled with environmental change records are needed to explicitly test

hypotheses concerning the drivers of long-term biodiversity change. These data

9



help understanding population continuity, migration, ecosystem structure and
evolution (Nogues-Bravo et al., 2018; Orsini, Schwenk, et al., 2013). Moreover,
they enable one to disentangle the impact of extreme events (e.g. droughts,
heat waves, toxic algal blooms) from the one of trends occurring on longer time
scales (e.g. average temperature) (Jiguet et al., 2006). Continuous longitudinal
data enable us to establish the cause-effect relationship between specific

pollutants (e.g. pesticides) and biodiversity decline (Ashfaq et al., 2019).

1.4 HOLISTIC COMMUNITY ASSESSMENT

DNA extracted from environmental matrices is referred to as ‘Environmental
DNA’ or eDNA,; this term emerged at the beginning of the 2000s (Cristescu and
Hebert, 2018). eDNA has the potential to provide whole community data in
biodiversity (Balint, Pfenninger, et al., 2018), proving particularly advantageous
when experimental manipulations are not feasible, early warning of ‘regime-
shifts’ critical for ecosystem management have to be identified (Pace,
Carpenter, and Cole 2015), and a broad taxonomic coverage is required to

reconstruct community dynamics (Cristescu and Hebert, 2018).

DNA extracted from environmental matrices and macrofossils combined with
genomics and high throughput sequencing technologies is used in conservation
biology to estimate human impact on biodiversity (Hofman et al., 2015), in
invasion biology to identify timing and severity of alien species invasion
(Ruppert, Kline, and Md Rahman, 2019) and biodiversity science by enabling

the census of species/taxa on a global scale in real time (Garlapati et al., 2019).

10



In addition, eDNA can provide continuous temporal data that are key to
identifying temporal baselines and to assess changes in biodiversity over time.
Quantitative identification of single species can be achieved using targeted
quantitative PCR. It is a low-cost/high accuracy approach, suitable for single
species identification such as for protected species surveillance programmes,
e.g. Great Crested Newts (Triturus cristatus) (Rees et al., 2014). However,
quantitative PCR requires knowledge of the genetics of the species of interest
for detection probe design. Semi-quantitative, whole community biodiversity
data can be obtained in a high throughput fashion by using markers gene
regions (metabarcoding) which can capture specific broad taxonomic groups
(Deiner et al., 2017) or even total eDNA sequencing (metagenomics). As
eDNA-based approaches move from single-marker to multi-marker approaches,
eDNA becomes an increasingly viable method for whole community
surveillance (Cordier et al., 2019). However, the poor representation of some
ecosystems, taxa and genes in reference databases used for taxonomic
assignment can lead to unassigned or incorrectly assigned sequencing reads
(Kvist 2013). There are open questions surrounding the persistence of such
eDNA with environmental conditions such as temperature, humidity, pH and
matrix, alongside the impact of biological processes in eDNA production and
environmental degradation. Technical challenges associated with incomplete
reference databases also limit analysis of some data. Multiple marker
metabarcoding of eDNA has the potential to explore ecosystem-level processes
and community diversity, identifying tipping points of ecosystem stability and

nuanced or whole community responses to environmental pressures.
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Environmental DNA can be analysed in a high throughput manner by
processing hundreds of samples using robotics coupled with high throughput
sequencing methods. This enables the comparison of multiple sites
simultaneously, and with standardised replicated methods, sites can be
compared across time over multiple seasons or years. Taxonomic identification
of eDNA samples does not require specialist taxonomic knowledge, but instead
the comparatively widespread molecular biological expertise, which is

increasingly commercially accessible.

Well preserved DNA (such as from sediment, termed sedimentary ancient DNA)
can be utilised to address the challenges previously identified in lack of long
term biological data and reconstruct the past occurrence of some communities

comparably with standard methods (Thorpe et al., 2022).

A potential benefit of eDNA based approaches for environmental monitoring is
the analysis of compositional shifts and relative abundance of taxonomic units
which may not have a Linnaean name. Many taxa have poorly described
ecology and therefore may be neglected in typical conservation approaches due
to a lack of knowledge of the particular species. Instead, by analysing
operational taxonomic units responsible for ecosystem stability or delivery of
ecosystem services, lack of traditional knowledge may be a lower barrier to
conservation. Interventions based upon ecological function could favour the re-
establishment of natural complexity and feedback, accelerating ecological
restoration of natural ecosystems. This system-level approach using requires
the modernization of current environmental practice and a shift from

bioindicator-based (morpho taxonomic of fossil remains (Boere et al., 2011) or

12



bioindicators, such as the Trophic Diatom Index (TDI) (Kelly and Whitton, 1995)

to whole-system, holistic monitoring at community scale.

Lack of understanding of the processes that underpin ecosystem services has
often led to mismanagement with clear dis-benefits for the environment, the
economy and human well-being. Approaches and tools constrained by
discipline boundaries have been unable to capture process interactions and
different spatio-temporal scales necessary to address the so-called wicked
problem of biodiversity and ES (Ottoni et al., 2023; Schutter and Hicks, 2021).
The divide between academia and practitioners as well as the lack of training
for stakeholders and practitioners on state-of-the-art tools hinders the
translation of science into practice, and results in outdated tools for

environmental practice.

In this thesis chapter 2 outlines a novel framework combining long term
community level biodiversity data, such as that derived from lake sediment
cores and matrices of multiple environmental factors to forecast the impact of
environmental change upon biodiversity. This enables the prioritisation of
intervention mechanisms based on objective evidence weighting ecological as
well as socio-economic priorities. Mitigating the loss of biodiversity and the
targeted regulation of pollutants with severe adverse effects on biodiversity
improves ecosystem integrity and resilience. Resilience enables sustained
delivery of ecosystem functions with a positive cascading effect on ES e.g,
provisioning (food, clean water) and regulating services (climate mitigation,
nutrient cycling). Chapter 3 is a pilot study of this framework, applying

multimarker metabarcoding and machine learning methods to a sediment core
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from a Danish lake with a well-documented history of human impact. This
chapter demonstrates the depth of knowledge gained from whole community
surveillance, as opposed to traditional taxa specific methods and the ability to
identify chemical targets for mitigation. Chapter 4 builds on the multimarker
metabarcoding approach to develop a novel multiplex method which reduces
cost and validates its use across sample matrices. Chapter 5 applies the
multiplex developed in chapter 4 to investigate spatial variance in freshwater
communities across England and how well this variance is captured by the

standard regulatory surveillance.
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2.1 ABSTRACT

Trans-disciplinary solutions are needed to achieve the sustainability of
ecosystem services for future generations. We propose a framework to identify
the causes of ecosystem function loss and to forecast the future of ecosystem
services under different climate and pollution scenarios. The framework i)
applies an artificial intelligence time-series analysis to identify relationships
among environmental change, biodiversity dynamics and ecosystem functions;
i) validates relationships between loss of biodiversity and environmental
change in fabricated ecosystems; and iii) forecasts the likely future of
ecosystem services and their socio-economic impact under different pollution

and climate scenarios. We illustrate the framework by applying it to watersheds,
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and provide system-level approaches that enable natural capital restoration by

associating centennial biodiversity changes to chemical pollution.
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2.2 THE CHALLENGE OF SUSTAINED ECOSYSTEM SERVICES

Biodiversity is directly linked to healthy ecosystems which provide provisioning
(e.g. food), regulating (e.g. climate), supporting (e.g. nutrient cycling, primary
production), and cultural (e.g. aesthetic and recreational) services (Cardinale et
al., 2012; Durance et al., 2016; Mace, Norris, and Fitter 2012; Spaak et al.,
2017). At the global level, rapid and severe biodiversity loss has been identified
as the main cause of deterioration of more than 60% of ecosystem services
(Cardinale et al., 2012; Mace, Norris, and Fitter 2012)), affected by various
factors (Bonebrake et al., 2019). Chemical pollution, habitat loss, unsustainable
use of resources, invasive species and climate change are among the main
acknowledged threats to biodiversity (Backhaus, Snape, and Lazorchak 2012;

Jackson et al., 2016).

The sustained delivery of ecosystem services in the face of these threats is
challenging because natural capital is finite and the impact of human
interventions on ecosystems is uncertain and/ or unknown across different
spatial, temporal, and economic scales (DeFries and Nagendra 2017).
Ecosystem management that ensures the delivery of services while preserving
natural capital is a complex, open-ended problem because of limited resources,
competing objectives and the need for economic profitability (Jax et al., 2018).

This is because:

i) biodiversity loss happens on different spatial and temporal scales, and
dynamics are context-dependent outcomes stemming from processes operating
over many years (Nogues-Bravo et al., 2018; Orsini, Schwenk, et al., 2013).

The cumulative effect of processes over time can cause delayed dynamics also
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known to cause so-called extinction debts (Figueiredo et al., 2019). Even state-
of-the-art environmental monitoring fails to capture effects that may arise from
cumulative effects over time of multiple threats (Bonebrake ef al., 2019)). Only
by quantifying trajectories of abiotic, biotic and functional systemic change
before, during and after pollution events, can we identify the causes of

biodiversity and ecosystem function loss;

i) research on biodiversity and ecosystem services is often constrained by
disciplinary boundaries, whereas biodiversity loss has ecological, social and
economic implications (Barnosky, Ehrlich, and Hadly 2016). Discipline-
constrained approaches may neglect process interactions, result in research
undertaken at inappropriate or disconnected scales, or use discipline-specific
tools that are inadequate to address cross-disciplinary questions (Roux et al.,

2017).

iii) decision-making frameworks that enable the prioritization of interventions for
the sustainable use of ecosystems typically require multiple lines of evidence
from different disciplines, making decisions by stakeholders challenging,
especially when relationships between socio-economic and ecological priorities
are not linear (e.g. (Grét-Regamey et al., 2017; Pinto et al., 2014)). While such
decision-making frameworks are being developed, they still often fail to cover all
types of ecosystem services, particularly the cultural ones (Grét-Regamey et al.,

2017).

We propose a ‘Time Machine’ framework that: 1) establishes spatiotemporal
correlations among biotic, abiotic and ecosystem functional changes using

multidecadal to millennial continuous data; 2) provides evidence for cause-
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effect relations through experimental validation in fabricated ecosystems from
correlations identified in point 1; and 3) generates likely predictions of future
ecosystem services under different pollution and climate scenarios, driven by
localised and regional environmental change and mediated by changes in

overall biotic interactions (Fig. 1).

30



» \ ., ,. TT:NGERPR'N TING \{

MASS SPECTRUM

Figure 1. The Time Machine framework

The Time Machine Framework is shown to establish past correlations between
biodiversity, ecosystem functions and environmental change, and generate the
likely forecasts of ecosystem services under different pollution and climate
scenarios. Sedimentary archives from watersheds are sampled at continental
scale and across climatic regimes. Sampled and dated sedimentary archives
are used to fingerprint biodiversity, chemical pollution and ecosystem functions.
Other environmental factors (e.g. temperature) are collected from weather
stations or retrieved from public databases. Associations between biodiversity,
ecosystem functions and environmental factors are established with the use of
Al combined with explainable network models. Associations are then validated
in fabricated ecosystems that are perturbed to identify cause-effect relations

between biotic and abiotic changes. Model forecasts that ‘learn’ from past
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dynamics and feedback are tested iteratively against real data and refined to

predict the future of biodiversity, ecosystems services and their economic value.

2.3 THE TIME MACHINE FRAMEWORK

We illustrate the framework in five main Steps for applications in freshwater
ecosystems, because they are diverse, geographically distributed and of high
conservation value (Fig 1); they deliver important ecosystem services such as
clean water, food and recreation, and are under increasing threat of destruction

and degradation (Durance et al., 2016; Ruckelshaus et al., 2020).

Step 1 - Sampling through time and space, using Lake sedimentary archives
(Fig. 1; Sampling). Sedimentary archives preserve biological and environmental
signals, providing a continuous record of changes from a reference baseline
predating major human impact on climate and biodiversity (Anthropocene) to
impacted environments (Baert et al., 2016); these characteristics allow better
understanding of temporal dynamics of biotic, abiotic and ecosystem functional
data leading to current patterns (Nogues-Bravo et al., 2018). To disentangle
patterns driven by stochasticity from patterns driven by environmental change,
semi-pristine sites (e.g. alpine lakes) can be used as reference. Whereas all
natural communities experience changes over time, dynamics in semi-pristine
sites will likely be driven by demographic and environmental stochasticity, which
results in predictable community dynamics (Shoemaker et al., 2020; Vellend et
al., 2014). Conversely, dynamics at impacted sites will likely be driven by
exogenous environmental factors, which leave signatures that depart from

stochasticity (e.g. (Wang et al., 2018)).
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Step 2 - Biochemical and ecosystem functions fingerprinting. Spatiotemporal
biotic assemblages are established by applying metabarcoding to
environmental DNA or eDNA (see Glossary) (Cristescu and Hebert 2018)
extracted from dated sediment layers of the biological archives (Fig. 1;
Fingerprinting). DNA extracted from environmental matrices provides the means
to collect continuous temporal data over time and space (Balint, Pfenninger, et
al., 2018). These data inform conservation biology by estimating human impact
on biodiversity (Tse et al., 2018), invasion biology by identifying timing and
severity of alien species invasion (Ruppert, Kline, and Md Rahman 2019) and
biodiversity science by enabling the census of species/taxa on a global scale in
real time (Garlapati et al., 2019). Through DNA sequence similarity, molecular
operational taxonomic units (MOTUs) are identified by matching sequence
similarity to records in public databases (e.g. NCBI, SILVA), allowing the
analysis of compositional shifts and relative abundance of known and unknown
taxonomic units. MOTUs enable the retrospective characterization of past
community-level dynamics (e.g. microbes, plants and animals) without requiring
specialist skills (e.g. light microscopy and taxonomy) and without being limited
to taxonomic groups with well-preserved remains in environmental matrices
(e.g. pollen, exoskeletons, bones) (Gillson and Marchant 2014). On the same
sediment samples, abiotic changes (e.g. presence and concentrations of
chemical mixtures) are quantified using high resolution mass spectrometry
(MS), combining suspect and non-target screening of chemical pollutants in
sediment samples (Abdallah et al., 2019) (Fig. 1; Fingerprinting). The

spatiotemporal biochemical fingerprinting is complemented by the analysis of
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ecosystem functions [e.g. biogeochemical functions measured as the
accumulation rate of total organic carbon (C), nitrogen (N) and phosphorus (P)]
via bulk stoichiometry of sediments to help elucidate long-term dynamics in
productivity as influenced by nutrient availability, and the relationships of
stoichiometric ratios, productivity, decomposition and biological attributes. A
potential caveat of reconstructing temporal community records from sediment
matrices is the preservation state of DNA that may be affected by climatic
conditions (e.g. warmer/humid climates influence mineralization; Outstanding
Questions). However, metabarcoding has been successfully applied to fossil or
remnant DNA as far back as the Holocene (e.g. (Hirai et al., 2017)). In addition,
only relative abundance of MOTUs can be quantified from community
assemblages. This enables the reconstruction only of relative changes in MOTU

abundance between sites and time points.

Step 3 - Establishing associations between past biodiversity, abiotic and
functional changes with the use of Artificial Intelligence (Al) (Fig. 1;
Association). Combining explainable network models with multi-view
learning (Tenenhaus et al., 2014), co-varying elements (nodes) within and
between networks are identified, where networks can represent MOTUSs,
environmental variables and pollutants (Box 1). This leads to the identification of
interacting environmental factors putatively driving changes in MOTUs and
ecosystem functions. These correlations are then validated experimentally in
fabricated ecosystems as explained in Step 4. In a pilot study conducted on a
natural lake, we applied the Al approach and determined that the decline in a

specific taxonomic group of primary producers (e.g. green algae) was inversely
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correlated with ten herbicides among the hundreds that were quantified in the

sediment (Box 1).

Step 4 - Establishing causality. Fabricated ecosystems are used to establish
causal links between the associations identified in Step 3 (Fig. 1; Causality).
Focusing on short-term dynamics (weeks to months), fabricated ecosystems,
such as artificial ponds, are used to isolate effects, explore controlled
interactions among multiple factors, and determine causality among MOTUS’
relative abundance (quantified via eDNA metabarcoding), ecosystem functions
(P, N, C content measured through nutrient stoichiometry), climate variables
and chemical pollutants (quantified with MS). Natural communities are used to
inoculate fabricated ecosystems, which are then exposed to the environmental
factors identified in Step 3 to co-vary with MOTUs. For example, the effect of
global warming on biodiversity and ecosystem functions can be quantified by
measuring MOTUs dynamics in fabricated ecosystems exposed to current
temperature and in ecosystems exposed to temperature plus 2.5°C,
representing the IPCC mid-range forecasts (RCP 6.0). While experimental
results investigating short-term dynamics may not be directly comparable to
natural dynamics, they provide a validation of observed trends in natural
ecosystems for extrapolations to long-term dynamics using e.g. machine
learning algorithms. The fabricated ecosystems serve a dual role of providing
an experimental validation of a) observed past correlative patterns, and b)
predictions of biodiversity and ecosystem functional changes in different climate

and pollution scenarios (see Step 5).
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Step 5 - Forecasting biodiversity and ecosystem services. Ecological process-
based models, informed by the associations identified by the Al in Step 3, are
used to generate predictions about projected future states of freshwater
ecosystems (Fig. 1; Forecasting). These predictive models are incorporated into
simulations that project solutions for ecosystem services (Fig. 2). Although it is
likely that a range of complex processes interact to determine how
environmental drivers and associated biodiversity shifts influence ecosystem
functions, we propose to start with a simple model that illustrates the impacts of
community composition and structure, species interactions, and the covariation
of these with environmental factors on freshwater ecosystem functions.
Process-based models with these components include PCLake (Janssen et al.,
2019), a process-based model that links species composition, environmental
drivers (e.g. nutrient loading, temperature), and ecosystem responses (e.g.
water quality; (Janse et al., 2010)). Alternatively, ELCOM—-CAEDYM, a coupled
hydrodynamic and biological model of phytoplankton dynamics and their
impacts on water quality can be used (Robson and Hamilton 2004). For reviews
on process-based models see (e.g. (Connolly et al., 2017)). Inputs for these
models can be provided from correlative approaches (Brophy et al., 2017,
Ovaskainen et al., 2017), such as correlative ecological models (e.g.
(Peterson, Papes, and Soberén 2015)), or Al-based inferences such as

described in Step 3.
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24 BOX1

Artificial Intelligence (Al) and eDNA metabarcoding on lake sediment: a case

study

Al approaches that use explainable network models combined with multi-view
learning (Li, Yang, and Zhang 2019) allow the simultaneous interrogation of
different data matrices, to learn what components co-vary within a matrix (e.g.
environmental variables), and among matrices (e.g. environmental variables
and Molecular Operational Taxonomic Units or MOTUs) (Fig. I). These
approaches are often used in a systems biology context in which e.g. protein-
protein (within matrix) or protein-gene (between matrices) interaction are
investigated. We use the Al approach on a pilot study to establish correlations
between environmental factors and biodiversity, measured with eDNA
metabarcoding. For this pilot study, eDNA data were obtained from the
sedimentary archive of a watershed with a well-known history of human-driven
environmental change (Lake Ring, Denmark; 55°57'51.83"N, 9°35'46.87"E)
(Cambronero, Marshall, et al., 2018). The history of Lake Ring can be
separated into four main phases: semi-pristine (PR; <1950); eutrophication (E;
1960-1970); pesticides (P; 1980-1990); and partial recovery (R; >1999). The
beta diversity (community diversity between each pair of sediment layers) from
the dated sedimentary archive showed that whereas the prokaryotic community
was shaped by the redox state of the sediment (Fig. IIA), the eukaryotic
freshwater community composition changed with the major lake phases (Fig.
[IB). Applying the explainable multi-view learning algorithm combined with

matrix-on-matrix regression (Fig. |) we identified the top 10 herbicides with
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significant adverse effects on primary producers, specifically identifying green
algae as target MOTUs (Fig. IIB). A top-down Pearson correlation analysis

(vector-on-vector regression) validated this approach.
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The matrices represented in Figure
| are Molecular Operational Taxonomic Units (MOTUs); Environmental
Variables (e.g., temperature); and chemical pollutants (chemicals). Co-varying
elements within a matrix as well as co-varying elements between matrices are
identified. For example each node in the MOTUs network is a molecular
taxonomic unit. Both co-variation in relative abundance of different MOTUs and
their co-variation with environmental factors and chemical pollutants is identified

using Al.

Box 1 Figure Il. Biodiversity changes through time and correlations with
chemical pollution. A) Eukaryote and prokaryote beta diversity through time
(between each pair of layers) quantified with metabarcoding applied to eDNA
extracted from lake sediment. Similarity in the composition of each sample
(sediment layer) is measured through heat maps. Similarity decreases from
blue to red. PR: pristine phase; E: eutrophication phase; P: pesticides phase; R:

recovery phase; B) Inverse correlation between herbicides and primary
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producers (green algae) established using the explainable multi-view learning

algorithm combined with matrix-on-matrix regression shown in Fig. I.
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A) Al time-series modelling for process understanding (past)

Identify non-linear relationships among features (e.g. MOTUs, climate, chemical
pollutants) to inform data collection efforts for the Emulator. Guides the design of
controlled experiments to establish causation

D) Al for planning

Provides intelligence data

for further sampling

(locations, variables
and resolution)

B) Ecological process-based
Empirical model, ‘the simulator’

T Runs large ensembles, forcing

from environmental data and
at watersheds providing the ‘data’ to constrain
the Al-based Emulator

C) Time Machine Emulator

Makes predictions over unsimulated regions and climates with uncertainty,
providing intelligence on more process-based modelling and data

E) Evidence-based decision making

GUI with adjustable parameters (sliders) providing maps of predictions and
uncertainty. Basis for socio-economic decisions/predictions

Figure 2. The Time Machine Emulator

Mapping out the various components of the data pipeline required for the Time
Machine Emulator and the interoperability with data collection, process-based
research, and the decision-making user interface. Arrows indicate the flow of
data and information between the components. Empirical data (e.g. from
watersheds) are analysed with an Al time series approach to establish non-
linear relationships among multi-dimensional features (past) (A). The
associations identified by the Al (A) and the process-based simulators (B)
inform each other and are supported by empirical data. The Emulator (C)

provides predictions and intelligence on regions that require further sampling to
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reduce prediction uncertainties (D) and intelligence on more process-based
modelling (B). A consensus model is obtained using a generalized additive
framework that generates predictions through an Al-based emulator dashboard

with a graphical user interface (GUI) (E).

+The Time Machine framework is widely applicable because it finds signatures
that recapitulate community dynamics (e.g. loss of MOTUs) driven by
environmental change (e.g. warming, pollution) that alter ecosystem function
(e.g. nutrients ratio). For example, it is applicable to physical, chemical and
biological long-term observations of oceanic and coastal areas available from
Continuous Plankton Recorders Survey, collecting records from the North
Atlantic and the North Sea since 1931 (Survey 2020). However, the ecological
models that best describe these ecosystems may differ from the ones described

here.

2.5 THE TIME MACHINE EMULATOR

Continuous temporal data are paramount to explain present-day patterns and to
model relationships between biodiversity and environmental change (Baert et
al., 2016). In particular, palaeoecological data are a valuable source of temporal
data and can inform the conservation management of future biodiversity (e.g.
(Fordham et al., 2020)). However, past dynamics may differ from that caused by
future environmental changes or threats, introducing uncertainties in model

estimates. To reduce uncertainty in forecasts, realistic dynamic interactions
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among several biotic and abiotic variables should be used (e.g. (Leeds, Wiklec,
and Fiechter 2014)). Generating predictions that account for all these variables
in different scenarios (e.g. projected IPCC climate scenarios) is computationally
intensive and time consuming. Emulators can provide robust predictions with
calculated uncertainties across multiple scenarios while reducing computational
cost and time. An ‘emulator’ is a low-order, computationally efficient model
which emulates the specified output of a more complex model in function of its
inputs and parameters. Emulators work with both structure-based methods,
where the mathematical structure of the original model is manipulated to a
simpler, more computationally efficient form; and data-based approaches,
where the emulator is identified and estimated from empirical/experimental data
(Castelletti et al., 2012). Emulators are widely applied in big data science, such
as i) climate science to generate predictions under different socio-economic
scenarios in long-range simulations (e.g. (Chantry et al., 2021) and references
therein); ii) ecology to predict the status of ecological processes in changing
environments using e.g. long-term remote sensing data (Leeds, Wiklec, and
Fiechter 2014); and iii) environmental science to predict e.g. the hydrological

status of water reservoirs (Asher et al., 2015).

We propose a Time Machine Emulator (TME) to generate forecasts of
biodiversity and ecosystem functions. The TME ‘learns’ from past correlations, it
is tested iteratively against long-term empirical data (e.g. collected in Step 3)
and refined to predict the future biotic, abiotic and functional associations (Fig.

2). In our applications, it emulates ecological process-based models (e.g.
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(Janse et al., 2010; Mooij et al., 2010)) to generate predictions across a range
of historical and future climates and ecosystem states, albeit in a more
computationally scalable and efficient manner. Empirical data collected from
sedimentary archives, including biodiversity changes over time and pollution, as
well as climate data, are used to establish past correlations that inform
ecological process-based models (Fig. 2A). These models integrate historical
contamination trends that disrupt ecosystem functions mediated by changes in
MOTUSs, to identify risk trajectories, with measured uncertainties (Fig. 2B). The
TME is applied to produce the same output as the process-based models
without the time consuming and computationally expensive running of the vast
number of possible model setups for every possible climate and pollution
scenario (Fig. 2C). One of the biggest challenges for Al on medium to long-
range timescales is the lack of high-quality data for training model predictions.
The TME uses empirical past biodiversity-ecosystem dynamics (collected in
Step 3), as well as temperature projections from regional climate simulations, as
‘training sets’ to reduce uncertainty in forecasting the future of ecosystem states
under different climate scenarios (Fig. 2C). Predictions are also made over non-
simulated regions and climates with higher uncertainty, informing strategies for
additional sampling, in this way mitigating uncertainties when new data are
introduced in the model (Fig. 2D). This directs sampling efforts improve the
accuracy of forecasts. The output of the TME are predictions for changes in
ecosystem functions driven by localised and regional climate change and
mediated by changes in overall biotic/abiotic interactions, including on partial

training sets. The robustness of the TME predictions is assessed by removing
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data (i.e. locations and conditions) from complete training sets and comparing
predictions on whole and partial datasets. The future associations predicted by
the TME are validated using fabricated ecosystems as described in Step 4. By
identifying the MOTUs and ecosystem functions altered by abiotic factors and/or
climate variables, the TME provides probabilistic decision-support information

for ecosystem services management (Fig. 2E).

2.6 CONCLUDING REMARKS

Lack of understanding of the processes that underpin ecosystem services has
often led to mismanagement with clear dis-benefits for the environment, the
economy and human well-being. Systemic approaches, like the framework
presented here, enable the prioritization of interventions that accelerate
ecological restoration, and mitigate environmental factors that cause harm to
MOTUs associated with key ecosystem functions and services. However, it
requires critical changes in current environmental practice and a shift to whole-
system evidence-based approaches. To overcome socio-technical barriers to
adoption, stakeholder-enabled platforms are needed that include: 1)
experimental protocols for the routine systemic biomonitoring of biodiversity; 2)
a TME dashboard relying on Data Visualization Technology tested for ‘usability’
and ‘utility’; and 3) changes in legislation and regulatory practices to facilitate

the adoption of novel tools and frameworks.

The use of the Time Machine framework comes with caveats. Process-based
models cannot be easily validated in future climate regimes that have not been

observed. To mitigate this, ecosystems over diverse climatic regions (e.g.,

45



warmer and drier environments) can be included as analogues of future climate
states (see Outstanding Questions). In addition, known biotic interactions can
be included in the model with information metrics, such as Granger causality
(De Vico Fallani et al., 2014). This approach infers biotic interactions using the
time series empirical data collected from sedimentary archives and/or other
known associations (e.g. predator/prey interactions), with estimated
uncertainties. Uncertainties in the TME can be reduced by constraining the
models with available past and projected climate data collected from local
weather stations, globally gridded ERAS-Land datasets (Cao, Gruber, et al.,
2020), and Earth Observation data (https://earthdata.nasa.gov/earth-
observation-data). Downscaling methods that use either physically-based
regional climate models or statistical models to project future large-scale climate
(Maraun et al., 2017; Maraun and Widmann 2018), can be used to increase
spatial granularity down to <10km and even to single point locations (e.g.
(Gordon et al., 2019; Maraun and Widmann 2018)). Although it is expected that
uncertainty increases with increasing granularity, it may be reduced by using

spatial scales for which the temporal variability is well simulated.

The TME applications can be, in principle, extended beyond predictions based
on the ecological and functional status of ecosystems. By coupling ecological
and economic modelling, the TME can also enable the alignment of socio-
economic and ecological outcomes under different climate and pollution
scenarios (see Outstanding Questions). To overcome adoption barriers by
stakeholders, an Al-based Emulator dashboard can be developed, accessible to

regulators and policy makers through data visualizations techniques. These
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tools can be adapted for probabilistic predictions of ecosystem services to aid

decision-making and socio-economic trade-offs.
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2.7 GLOSSARY

eDNA or environmental DNA is DNA extracted from environmental matrices,
such as soil, sediment, water, ice and aerosol without any obvious signs of

biological source material.

Metabarcoding is high throughput sequencing of PCR-amplified taxonomic

marker genes.

MOTU or Molecular Operational Taxonomic Units. Units of taxonomic
diversity that, differently from Operational Taxonomic Units, do not necessarily
correspond to species, but they are treated as such when measuring diversity.

Clustering within MOTU is based on similarity of DNA sequences.

Suspect and non-target screening of chemical compounds are techniques to
screen for chemical pollutants using mass spectrometry (MS). The suspect

screening uses a library of catalogued data such as chromatographic retention
times in lieu of reference standards. Non-target screening uses no pre-existing

knowledge for comparison before analysis.

Mass Spectrometry (MS) is an analytical technique used to quantify
concentrations of chemical compounds in different matrices by measuring the

mass-to-charge ratio of the chemicals.

Al or Artificial Intelligence refers to the simulation of human intelligence in

machines.

Machine learning or ML is a subset of artificial intelligence and focuses on the
development of algorithms that can access data and use it to learn for

themselves
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Explainable network model (ENM) is a recent advancement in Machine
Learning algorithms designed to identify which features in the data are
responsible for driving a certain output, providing more trustable predictions. A
typical application of ENM is for diagnosing breast cancer based on observed

patterns on pathology slides.

Multi-view learning is an emerging direction in machine learning, also called
deep learning, which learns from multiple networks (or views). Typical
applications of multi-view learning include systems biology where functional

links between e.g. gene networks and metabolite networks are established.

An Emulator is a hardware or software that permits programs written for one
computer to be run on another computer. This enables to increase the efficiency
of time-consuming simulations by parallelising resources. In climate science,
emulators are used to evaluate the realism of the warming signal in different
models on both global and regional scales, by comparing global trends and

regional response parameters to observations.

Granger causality is a statistical test for determining whether one time series is

useful in forecasting another.

Process-based models are models that characterize changes in a system’s
state as explicit functions of the events that drive those state changes (sensu

(Connolly et al., 2017))

Correlative ecological models are models based on environmental

associations derived from analyses of geographic occurrences of species.
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2.8 OUTSTANDING QUESTIONS

Is there a bias in the recovery of eDNA from fossil or remnant DNA in aged

sediment and in warm climates?

While we found stable composition of primary producers across 100 years, a
bias might still exist in sedimentary archives from warmer climates where
mineralization of fossil remains is influenced by higher temperature and

humidity. For these archives shorter time series may be used.
How to deal with high levels of uncertainty in the Emulator projections?

While the Emulator makes predictions over non-simulated regions and climates,
guiding data collection efforts, it carries a level of uncertainty. This has to be

accounted for in decision- making.

How does the Time Machine Emulator forecast the potential economic value of

ecosystems?

Monetary and non-monetary estimates of values associated with ecosystem
services can be generated with the current monetary valuation strategies and
the predicted changes in ecosystem functions, uncertainty and risk provided by
the Emulator. However, an outstanding challenge for decision-making is
incorporating how values held by society for different services (e.g. carbon
sequestration, food production, biodiversity, disease regulation) might change

through time.
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3.1 ABSTRACT
Despite efforts from scientists and regulators, biodiversity is declining at an
alarming rate. Unless we find transformative solutions to preserve biodiversity,

future generations may not be able to enjoy nature’s services.

We have developed a conceptual framework that establishes the links between
biodiversity dynamics and abiotic change through time and space using artificial
intelligence. Here, we apply this framework to a freshwater ecosystem with a
known history of human impact and study 100 years of community-level
biodiversity, climate change and chemical pollution trends. We apply
explainable network models with multimodal learning to community-level
functional biodiversity measured with multilocus metabarcoding, to establish
correlations with biocides and climate change records. We observed that the
freshwater community assemblage and functionality changed over time without
returning to its original state, even if the lake partially recovered in recent times.
Insecticides and fungicides, combined with extreme temperature events and
precipitation, explained up to 90% of the functional biodiversity changes. The
community-level biodiversity approach used here reliably explained freshwater
ecosystem shifts. These shifts were not observed when using traditional quality

indices (e.g. Trophic Diatom Index).

Our study advocates the use of high throughput systemic approaches on long-
term trends over species-focused ecological surveys to identify the
environmental factors that cause loss of biodiversity and disrupt ecosystem

functions.
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3.2 INTRODUCTION

Biodiversity is the foundation of provisioning, regulating, supporting, and cultural
ecosystem services (Baert et al., 2016), which underpin economic prosperity,
social well-being and quality of life (Cardinale et al., 2012). Global biodiversity
has been lost at an alarming rate in the past century, leading to what some
have called the sixth mass extinction - biodiversity loss caused by human
population growth and activities (Naggs 2017). Biodiversity is threatened by
agricultural land use, climate change, invasive species, pollution and
unsustainable production and consumption (Bonebrake et al., 2019).
Freshwater ecosystems have suffered the greatest biodiversity loss because of
these anthropogenic drivers (Ruckelshaus et al., 2020). Experimental
manipulation of biodiversity has demonstrated the causal links between
biodiversity loss and loss of ecosystem functions (Eisenhauer et al., 2019).
However, studies on multi trophic levels are scarce and largely focus on
terrestrial and marine ecosystems; freshwater ecosystems, especially lakes and
ponds, are not well represented in multitrophic experimental manipulations,
(Dornelas et al., 2018). These holistic studies are critical to understand the
context-dependency of biodiversity-ecosystem functions relationships and to
implement management measures to conserve biodiversity. However, a better
understanding of the environmental factors with the largest impact on
biodiversity, and their cumulative effect over time is urgently needed (Halpern et

al., 2015).
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Biodiversity action plans have been devised since the 1990s. However, most
strategies have failed to stop or even reduce biodiversity decline (Rounsevell et

al., 2020). This is because:

i) Biodiversity loss occurs at different spatial and temporal scales, and dynamic
changes in community composition are the result of long-term ecological
processes (Eastwood et al., 2022; Nogues-Bravo et al., 2018). State-of-the-art
environmental and biological monitoring typically captures single snapshots in
time of long-term ecological dynamics, failing to identify biodiversity shifts that
may arise from cumulative impacts over time (Eastwood et al., 2022; Nogues-
Bravo et al., 2018). Recent initiatives like BioTIME started collating databases
with species presence and abundance recorded from time series across
different ecosystems (Dornelas et al., 2018). However, freshwater ecosystems
are poorly represented in these studies which at most encompass the last 10-
25 years (Blowes et al., 2019). Although the large geographic breath of these
studies is good to understand overall trends of biodiversity change, they are
inadequate to identify drivers of biodiversity dynamics (Blowes et al., 2019;
Halpern et al., 2015). Moreover, the taxonomic species assignment in these
databases is oftentimes derived from traditional observational methods (e.g.
microscopy), which cannot resolve cryptic diversity (Blowes et al., 2019). High
cryptic diversity is common in freshwater invertebrates and primary producers,
potentially impacting the assessment of biodiversity in these ecosystems more
severely than in terrestrial or marine ecosystems (Hirai J 2017). More recently,
sedaDNA (environmental DNA extracted from sediment) has emerged as a

promising tool to study decade-long biological dynamics (Domaizon et al.,
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2017). However, these studies focus on specific taxonomic groups e.g.
microbes (Capo et al., 2019); ciliates (Barouillet et al., 2022), failing to capture

the community-level changes in any given ecosystem.

i) Biodiversity is threatened by multiple factors. Only by quantifying trajectories
of abiotic, biotic, and functional systemic change over time, can we begin to
identify the causes of biodiversity and ecosystem function loss (Bonebrake et
al., 2010). Studies are emerging that investigate the impact of chemicals (Groh
et al., 2022) or climate change (Pecl et al., 2017) on biodiversity. Yet,
understanding the combined effect of these abiotic factors on biodiversity is still

challenging.

iii) The lack of paired biological and abiotic long-term monitoring data is a
limiting factor in establishing meaningful and achievable conservation goals.
Even well-monitored species have time series spanning a few decades at best
(Bonebrake et al., 2010; Halpern et al., 2015). Moreover, conservation efforts
have historically focused on ecological surveys of few indicator species, the
identification of which require specialist skills (e.g., light microscopy and
taxonomy) and are low throughput (Gillson and Marchant 2014). High
throughput system-level approaches providing biological, abiotic and functional
changes over multiple decades are needed to understand links between
biodiversity loss, drivers of changes and potential consequences on ecosystem

functionality '°.

Recently, we have developed a conceptual framework that helps establish the
links between biodiversity dynamics and abiotic environmental changes using

artificial intelligence, examines emergent impacts on ecosystem functions, and
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forecasts the likely future of ecosystem services and their socioeconomic
impact under different pollution and climate scenarios '°. Here, we illustrate the
first component of this framework in a freshwater ecosystem (Lake Ring,
Denmark) with a well-documented human-impact over 100 years (Cuenca -
Cambronero et al., 2018) by quantifying the interrelations between community-
level functional biodiversity, biocides and climate (Fig. 1). Historical records,
supported by empirical evidence show that Lake Ring experienced semi-pristine
conditions until the early 1940s (Cambronero, Beasley, et al., 2018). In the late
1950s, sewage inflow caused severe eutrophication. When the sewage inflow
was diverted at the end of the 1970s, agricultural land use intensified, leading to
substantial biocides leaching (Cuenca - Cambronero et al., 2018). The lake
partially recovered from eutrophication and land use in modern times (>1999)
but, as with every lake ecosystem in Europe, it experienced an increase in
average temperature (Cuenca Cambronero et al., 2018; Cuenca Cambronero,
Zeis, and Orsini 2018). We apply multilocus metabarcoding and mass
spectrometry analysis to a dated sedimentary archive of Lake Ring. These data,
complemented by biocides sale records and climate records, were studied with
explainable network models with multimodal learning to identify drivers of
functional biodiversity changes across major ecosystem shifts (Baltrusaitis,
Ahuja, and Morency 2019) (Fig. 1). The combination of explainable networks
and multimodal learning allow the simultaneous interrogation of data matrices
describing different types of data. A symmetric matrix-on-matrix regression is
typically used to identify the components that covary within a matrix (e.g.,

environmental variables), and among matrices (e.g., environmental variables
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and eDNA taxonomic units). Given the well-documented human-impact over
time, Lake Ring represents an excellent natural system to demonstrate the

power of systemic approaches in biological and functional monitoring.
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Figure 1. Conceptual framework. A sedimentary archive spanning 100 years
was sampled from Lake Ring, Denmark and dated using radioisotopes. Both
biotic and abiotic changes were empirically quantified through time: 1)
community-level biodiversity was reconstructed by applying multilocus
metabarcoding to environmental DNA isolated from sediment layers (biological
fingerprinting); 2) chemical signatures were quantified from the same sediment
layers using mass spectrometry analysis (chemical fingerprinting); 3) climate
data were collected from publicly available databases. Explainable network
models with multimodal learning were applied to identify significant correlations
between system-level biodiversity, chemical fingerprinting, and climate
variables. Taxonomic units (families) impacted by environmental factors were
identified and environmental factors ranked based on their effects on
community biodiversity. This approach enables the prioritisation of conservation

and mitigation interventions.
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3.3 RESULTS

3.3.1 Freshwater community dynamics across 100 years

A sedimentary archive was collected from Lake Ring in November 2016 with a
gravity corer; the core was sliced in 34 layers of 0.5 cm, which corresponded to
a temporal resolution of about 3 years per layer across 100 years. This estimate
was based on a radiometric chronology of the core completed in 2018 (see
Methods). Lake Ring has a well-known and documented history of human
impact over the past century. The lake transitioned over time from a semi-
pristine environment to eutrophication, and later to high pesticide pollution due
to intensification of agricultural land-use in the area surrounding the lake. In
modern times (>1999), the lake partially recovered (see methods for more
details)(Cuenca - Cambronero et al., 2018). Hereafter, we refer to the lake

transitions across these statuses as lake phases.

We quantified community-level biodiversity over a century (1916 - 2016) by
applying high throughput multilocus metabarcoding (18S, 16SV1, 16SV4, COI
and rbcL barcodes) to bulk environmental DNA (eDNA) extracted from layers of
a dated sedimentary archive from Lake Ring. After denoising, the number of
unique ASVs and total number of reads across all samples (including median
number of reads per sample) found per barcode were as follows: 18S - 2,023
ASVs, 569,761 total reads (median 12,893 reads); 16SV1 - 4,022 ASVs,
842,619 total reads (median 20,798 reads); 16SV4 - 5,270 ASVs, 552,064 total
reads (median 13,816 reads); COI - 822 ASVs, 362,616 total reads (median
9,595 reads); rbcL - 417 ASVs, 366,489 total reads (median 9,443 reads).

Alpha diversity did not significantly vary across the lake phases for both
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prokaryotes and eukaryotes (Supplementary Fig. 1) and was proportionally
higher in the prokaryotic (16S barcodes) than in the eukaryotic community (18S
barcode). Conversely, the invertebrate community (COIl barcode), and the
diatom community (rbcL barcode), showed significant changes over time across
the lake phases, reflecting taxon-specific patterns over time (Supplementary
Fig. 1). Even though the alpha diversity varied over time, it was not consistently
lower in historical than modern communities across the barcodes, allowing us to

exclude bias in the preservation state of environmental DNA.

The community composition (beta diversity) changed significantly in the
transition between lake phases (Table 1; Fig. 2A; Supplementary Fig. 2). The
overall eukaryotic community composition changed over time across all lake
phases (Table 1; Fig. 2A; 18S). However, the composition of the primary
producers (e.g. rbcL) changed significantly only in the transition between the
pesticide and the eutrophic phases, whereas the invertebrate’s community (e.g.
COl) changed significantly only between the pesticide and the recovery phases
(Table 1; Fig. 2A; rbcL, COIl). The significant changes in community composition
identified by the PERMANOVA analysis were driven by two families of primary
producers [Chlorophyceae (green algae), Mediophyceae (diatoms)] and seven
families of invertebrates, [Monhysterida (nematode worms),
Oligohymenophorea (ciliates), Calanoida (zooplankton), Ploimida (rotifers),
Chaetonotida (gastrotrichs), Thoracosphaeraceae (dinoflagellates) and
Calanoida (copepods)] (Fig. 2B; 18S). In the transition from the semi-pristine to
the eutrophic phase, the relative abundance of rotifers and green algae

declined in favour of calanoids and diatoms (Fig. 2B; 18S). The proportion of
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diatoms, worms and nematodes increased in the transition from the eutrophic to
the pesticide phase, while the proportion of calanoids and gastrotricha declined
(Fig. 2B; 18S). The taxonomic composition of the recovery phase showed a
relative increase in ciliates and gastrotricha as compared to the pesticide
environment (Fig. 2B; 18S). Vampirellidae (Vampire amoebae feeding on algae)
were relatively more abundant in the eutrophic than in the other phases, in
which primary producers were also more abundant (Fig. 2B, 18S). The
composition of the recovery and semi-pristine phases differed significantly,
suggesting an incomplete recovery of the lake over time to this date (Table 1;

Fig. 2A;18S).

The prokaryotic community significantly changed at each major transition
between lake phases, consistently across the two barcodes (Table 1; 16SV1
and 16SV4). We observed two patterns in the prokaryotic community
composition over time: some taxonomic groups changed with the redox status
of the sediment [e.g. acidophilus archaea (Thermoplasmata) and methanogenic
archaea (Methanomassiliicoccaceae), which declined from the semi-pristine to
the recovery phase (Fig. 2B, 16SV4)]; others changed over time consistently
with the nutrient levels of the ecosystem. For example Nitrospiraceae (nitrite
oxidizers) were more abundant in high nutrient environments (eutrophic and
pesticides) than in lower nutrient environments (semi-pristine and recovery)

(Fig. 2B; 16SV1)].

Changes in the invertebrate community were driven by Brachionideae (rotifers)
that were most abundant in the semi-pristine phase and declined over time;

Chironomidae (lake flies) that were proportionally more abundant in the
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eutrophic and recovery phases and showed the lowest abundance in the
pesticides phase; Chaoboridae (phantom midge larvae) that were only present
in the semi-pristine and recovery phases; and Daphniidae (waterfleas) that were
most abundant in the pesticide phase, but present throughout the 100 years of
sampling (Fig. 2B; COl). The diatom composition was stable over time, with
only the semi-pristine phase having a more distinctive diatom assemblage
profile dominated by Bacillariophyta (Fig. 2B; rbcL). Diatoms are commonly
used by regulators to derive the status of freshwater within the Water
Framework Directive both for lakes and rivers (Agency 2020). We used our rbcL
data to derive a Lake Trophic Diatom Index (LTDI2) for Lake Ring following
(Bennion et al., 2014). This result confirmed our beta diversity analysis of non-

significant changes over time of the diatom community (Supplementary Fig. 3).

71



Table 1. PERMANOVA on beta diversity. Permutational Multivariate Analysis
of Variance using weighted Unifrac distances ASV matrices testing for pairwise
differences between lake phases across the five barcodes used in the study
(16SV1, 16SV4, 18S, COI, rbcl) with 999 permutations. Significant terms (p-
values <0.05 after applying Benjamini & Hochberg correction for multiple
testing) are in bold. The lake phases are as follows: SP - semi-pristine; E -

Eutrophic; P - pesticides; R - recovery.

Phase 16SV1 16Sv4 18S COl rbcL

1 2 R2 padj R2 padj R2 padj R2 padj R2 p adj

SP E 0.4349 0.0067 0.5533 0.0017 0.2968 0.0033 0.0432 0.705 0.2879 0.0914
SP P 0.6290 0.0025 0.8515 0.0017 0.4459 0.0033 0.3868 0.0033 0.3920 0.0125
SP R 0.6956 0.0025 0.9026 0.0017 0.3841 0.0033 0.3178 0.0033 0.5084 0.0033
E P 0.3959 0.006 0.7399 0.0017 0.1249 0.15 0.3198 0.005 0.1555 0.1511
E R 0.5656 0.0025 0.8520 0.0017 0.1816 0.0075 0.2806 0.0033 0.6019 0.0033

P R 0.3026 0.0025 0.3724 0.0017 0.1029 0.15 0.1924 0.012 0.3605 0.0033
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Figure 2. Biodiversity compositional changes. (A) Weighted unifrac beta diversity
heatmaps between each pair of sediment layers spanning a century (1916-2016)
for the five barcodes used in this study (18S, rbcL, COl, 16SV1 and 16SV4). The
PERMANOVA statistics in Table 1 support these plots. The scale used may be
different among the heatmaps. (B) Taxonomic bar plots including the top 10 most
abundant families identified across five barcodes (18S, rbcL, COIl, 16SV1 and
16SV4). shown per lake phase: SP - semi-pristine; E - eutrophic; P - pesticides;
R - recovery.
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3.3.2Functional changes linked to community compositional shifts

Changes in freshwater community composition corresponded to significant
shifts in the predicted functioning of the prokaryotic community (Fig 3). We
predicted different functions between each pair of lake phases by identifying
molecular functions enriched as quantified by functional orthologs (KO terms). A
functional ortholog was defined from functions experimentally assigned to the
prokaryotes identified with the 16S rRNA in each lake phase. We predicted a
total of 6,257 Kegg Orthologs (KO) terms from the 16SV1 and 6,828 from the
16Sv4 barcode across the lake phases. Of the total number of KO terms, 1,418
were significantly differentially abundant across the lake phases in the 16SV1
and 1,064 terms in the 16SV4 dataset, respectively. The functional KEGG
pathways enriched within these KO terms and significantly differentially
enriched between lake phases (Fisher's exact test, p-adj < 0.05) were 19 (17 for
the 16SV4 and 2 for the 16SV1) (Fig. 3). Seven differentially enriched pathways
were found between the semi-pristine and recovery phases and seven were
found between the eutrophic and recovery phases (Fig. 3; 16SV4). These
pathways were linked to catabolic functions (purine and pyrimidine metabolism),
RNA transport and biogenesis, fundamental for gene expression and protein
folding. Six functional pathways were differentially enriched between the semi-
pristine and the eutrophic phases that were linked to metabolism (including
methane metabolism), degradation and biosynthesis (Fig. 3; 16SV4). Three
functional pathways that underpin carbohydrates metabolism, lysine

biosynthesis and degradation were differentially enriched between the pesticide
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and recovery phases. The latter two functions are critical for mitochondrial
function. A single pathway was differentially enriched between the semi-pristine
and the pesticide phases, linked to lipid metabolism (glycosphingolipid
biosynthesis; Fig. 3; 16SV4). Two differentially enriched pathways were
identified between the eutrophic and the recovery phases and underpin

infection response and photosynthesis (Fig. 3; 16SV1).
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Figure 3. Functional analysis. Functional pathways that are significantly
differentially enriched between lake phases are shown for the 16SV1 and the
16SV4 barcodes. The lake phases are as in Figure 2: SP - semi-pristine; E -
eutrophic; P - pesticides; R - recovery. Odds ratios indicate the representation

of each pathway in the pairwise comparisons.
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3.3.3 Drivers of biodiversity change

To discover drivers of biodiversity change we applied sparse canonical
correlation analysis (sSCCA) to community biodiversity data and other
parameters measured from Lake Ring, namely climate records collected from a
weather station proximal to the lake, and sales records of biocides in Denmark
between 1955 and 2015 from the Danish national archives. The biocide sales
records proved to be a good representation of persistent chemicals in the lake
sediment, as the quantification of the persistent halogenated pesticide DDT in
the sliced sedimentary archive showed by producing a very similar profile as the

sales records over time (see methods section).

We discovered that insecticides and fungicides best explained changes in
overall biodiversity, possessing the highest CCA loadings across the barcodes,
followed by pesticides and herbicides (Supplementary Table 1A). Among the
climate variables, yearly minimum temperature explained the largest
biodiversity changes, whereas other climate variables had a variable impact

across the barcodes and hence taxonomic groups (Supplementary Table 1B).

Having ranked biocides and climate variables that best explained changes in
overall biodiversity, we identified correlations between taxonomic groups
(assigned at family level where possible) and individual abiotic variables.
Correlations were identified between a total of 36 eukaryotic families and abiotic
variables; of these correlations, 28 were with biocides and 25 with climate
variables (some correlations involved the same taxonomic group correalting
with multiple environmental factors). Of the 28 families negatively correlated

with biocides, the largest proportion co-varied significantly with insecticides (21
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families - 75%) and fungicides (14 families - 50%), followed by herbicides (7
families - 25%) and pesticides (2 families - 7.1%) (Supplementary Table 2). Of
the 25 families correlated with climate variables, the largest proportion co-varied
with summer precipitation (12 families - 37%); of these, 8 families were
positively correlated and 4 were negatively correlated with summer
precipitation. An equal number of families (8 families - 32%) co-varied with
mean minimum temperature (6 positive and 2 negative correlations), highest
recorded temperature (7 positive and 1 negative correlations), and summer
atmospheric pressure (6 positive and 2 negative correlations) (Supplementary

Table 2).

The number of unique prokaryote families significantly negatively correlated
with biocides was 99, 19 of which were identified by both 16S barcodes.
Following from the sCCA analysis, significant negative correlations were
observed between 60 (60.6%) families and insecticides, followed by 59 families
and fungicides (59.6%), 40 families and herbicides (40.4%), and 25 families and
pesticides (25.3%) (Supplementary Table 2; overall). A total of 105 non-
redundant correlations were identified between prokaryotic families and climate
variables, 6 of which were found in both 16S barcodes. Of the total families
correlating with climate variables, 69 (65.7%) significantly correlated with mean
minimum temperature. Of these, 38 were positive and 31 were negative
correlations. Thirty-five families (33.3%) significantly correlated with summer
precipitation; of these, 11 were positively and 23 were negatively correlated.
Twenty-nine families (27.6%) significantly correlated with the lowest recorded

temperature; of these 20 were positive and 9 were negative correlations.
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Twenty-six families (24.8%) significantly correlated with mean summer
temperature; of these 13 were positively and 13 negatively correlated. Twenty-
three families (21.9%) significantly correlated with maximum daily precipitation;
of these, 3 were positively and 20 were negatively correlated. Eleven families
(10.4%) significantly correlated with highest recorded temperature; of these 3

were positively and 8 were negatively correlated (Supplementary Table 2).

We applied sCCA to identify families that correlated both with climate variables
and biocides (Fig. 4). As biocides were introduced only in 1960, only the most
recent three lake phases were included in this analysis. The eukaryotic
biodiversity compositional change was predominantly explained by biocides
(Fig. 4; 18S; Biocides: 44%), followed by climate variables (Fig. 4; 18S; climate
variables: 22%). Up to 22% of the diatoms compositional change was explained
by biocides (44%) and climate variables (36%). However, the abiotic variables
only separated the recovery from the other two lake phases (Fig. 4), supporting
significant biodiversity compositional shifts observed in the beta diversity
analysis (Fig. 2A; Table 1). Similarly, the invertebrate community compositional
changes were explained prevalently by biocides (47%), followed by climate
variables (30%), which only separated the recovery phase from the other two
lake phases. Climate and biocides almost equally explained up to 36% of the
prokaryote biodiversity compositional change across the lake phases (16SV1 -
biocides: 44%, climate variables 47%; 16SV4 - biocides 45%, climate variable
38%). Following from this analysis, joint effects of biocides and climate
variables were observed for 23 prokaryote (16S) and two eukaryote (18S)

families (Fig. 5A), whereas no joint effects were identified on the diatom (rbcL)
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and the invertebrate (COIl) communities (Fig 5A; Supplementary Table 3). The
most frequent joint effects on prokaryotes involved insecticides and mean
minimum temperature (Fig. 5A; Supplementary Table 3). Joint effects between
herbicides and maximum daily precipitation or between herbicides and lowest
recorded temperature were rare (Fig. 5A; Supplementary Table 3). The joint
effects on the eukaryotic community were observed between insecticides and

summer precipitation (Fig. 5A; Supplementary Table 3).

The biocide types showing joint effects with environmental variables were
ranked based on their correlation coefficient over time (Supplementary Table 3).
The top ranked insecticides most frequently showing these joint effects with
climate variables and an adverse effect on both prokaryotes and eukaryotes
were: oxydemeton-methyl (organothiophosphate insecticide, primarily used to
control aphids, mites, and thrips), mevinphos (organophosphate insecticide
used to control insects in a wide range of crops) and dicofol (organochlorine
miticide pesticide chemically related to DDT). Additionally, parathion
(organophosphate insecticide and acaricide), carbaryl (1-naphthyl
methylcarbamate used chiefly as an insecticide), dieldrin (organochlorine
insecticide, developed in alternative to DDT) and thiometon (organic
thiophosphate insecticide) showed adverse effects with only the prokaryotic
community. Examples of joint effects on specific families are shown in Figure
5B and 5C. The temporal dynamics of Isochrysidales, a coccolith-producing
microalgae, was affected by the joint effect of summer precipitation and

insecticides (Fig. 5B), whereas the temporal dynamics of the PeM15 group of
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Actinobacteria was affected by the joint effect of insecticides and mean

minimum temperature (Fig. 5C).
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Figure 4. sCCA 3D plots. Sparse canonical correlation analysis 3D plots for

the five barcodes used (18S, rbcL, COIl, 16SV1 and 16SV4), showing the

proportion of biodiversity variance explained by the biocides and climate

variables. As biocides were introduced around the 1960s, this analysis spans

the most recent three lake phases (Eutrophic, Pesticide and Recovery).

Interactive version available: https://environmental-omics-

group.github.io/Biodiversity_Monitoring/
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Figure 5. Joint effects of environmental variables on biodiversity. A)
heatmap showing the frequency of joint effects of biocides and climate variables
in eukaryotes (data from the 18S barcode) and prokaryotes (combined data
from 16Sv1 and 16Sv4 barcodes). The biocides are ranked based on their
correlation coefficient with taxonomic units and climate variables. Ranking of
biocide types is provided in Table S3; B) temporal correlation between the
family Isochrysidales, summer precipitation and insecticides. The joint effect of
summer precipitation and insecticides is also shown; C) temporal correlation
between Pleosporales, insecticides and mean minimum temperature. The joint
effect of insecticides and mean minimum temperature is also shown. The

families’ relative abundance over time in plots B and C are standardized values.
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3.4 DISCUSSION

3.4.1 Continuous long-term biomonitoring from a pristine baseline

State-of-the-art paleoecological monitoring typically uses direct observations
(light microscopy) of species remains to assess the ecological status of
freshwater ecosystems. These approaches are low throughput and require
specialist skills (Moraitis, Valavanis, and Karakassis 2019). Direct observations
are inherently biased towards species that leave fossil remains; species
identification is strongly reliant on well-preserved remains in environmental
matrices; and cryptic species diversity cannot be resolved (Hirai J 2017).
Recently, automated acquisition of microfossil data using artificial intelligence
has been proposed as an alternative to human inspection for reconstructing
long-term biological changes (Itaki et al., 2020). However, this approach relies
on the completeness of reference databases and of the fossil remains, suffering
from the same limitations of direct observations minus the low throughput
aspects. Efforts to catalogue temporal changes in biodiversity have recently
started to understand changes in species richness and assemblages in different
geographic regions of the globe (Blowes et al., 2019). These efforts are
important to understand the extent of overall biodiversity loss. However, there
are only a handful of existing datasets that span more than 50 years and many
of the multidecal biodiversity time series are limited to terrestrial and marine
ecosystem, with freshwater ecosystems being marginally represented (Blowes
et al., 2019). Moreover, long-term freshwater studies tend to focus on indicator
species or specific taxonomic groups (e.g. invertebrates), rather than capturing

community-level patterns (Dornelas et al., 2018). Developments in the field of
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sedaDNA have addressed the limitations of direct observations, utilising the
properties of eDNA (Capo et al., 2019). However, sedaDNA studies have
predominantly focused on microorganisms as proxies for ecosystems’ health
(e.g. cyanobacteria (Picard et al., 2022); ciliates (Barouillet et al., 2022);
parasitic taxa (Talas et al., 2021)), with other taxonomic groups less well
represented. Our study addresses some of the challenges of direct
observations as it is not reliant on fossil remains. However, the completeness of
the community taxonomic assignment depends on the completeness of
reference databases. We acknowledge that our taxonomic classification may be
incomplete. Whereas the application of high throughput sequencing
technologies requires training, these technologies are well established with
publicly available standard operating procedures. As compared to direct
observations, high throughput sequencing provides replicable results regardless
of the operator. Moreover, the application of metabarcoding to sedaDNA or
more generally eDNA can be outsourced to established environmental services,

removing the need for training if it is a limiting factor.

Studies of temporal dynamics typically start from an already shifted baseline
and rely on discrete observations (Barouillet et al., 2022). Our study alleviates
these limitations by providing a continuous community-level analysis of
biological changes over recent evolutionary times and starting from a relatively
undisturbed environment. However, eDNA-based studies suffer from limitations
linked to the level of preservation of nucleotides in environmental matrices.
Although it has been shown that DNA can be recovered from lacustrine and

marine sediments as far back as the Holocene (Slon et al., 2022), biases might
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still exist due to the degradation of eDNA, especially over geological times (Jia
et al., 2022) and in warmer climates (Mauvisseau et al., 2022). In addition,
physio-chemical changes in sediment and soil may affect the assemblage and
composition of prokaryotic communities that can survive in extreme conditions,
including anoxic environments. However, it has been shown that slightly
alkaline water (pH 7-9) facilitates DNA preservation (Jia et al., 2022). Whereas
we cannot exclude that the eDNA in our study suffers from some of the
mentioned biases, we expect DNA degradation not to have affected our study
significantly. This is because we observed non-significant difference in species
richness over time in both the prokaryotic (16S barcode) and eukaryotic (18S
barcode) communities. DNA degradation would have instead resulted in lower
alpha diversity with increasing age of the sediment. Preservation of DNA in our
study is also favoured by the time frame studied (100 years as opposed to
millennia), the stable pH since the 1960s (data prior to 1960s were not
recorded), and the latitude of Lake Ring associated with average yearly
temperatures below 15°C. All these factors are known to reduce microbial
activity, allowing a better preservation of DNA in sediment (Giguet-Covex et al.,

2014).

Whereas the overall species richness did not change significantly over time,
species assemblages significantly changed over time. Small changes in alpha
diversity coupled with significant changes in beta diversity over time have been
reported for existing time series biodiversity data in marine and terrestrial
environments, even if the length of the time series rarely exceeded four

decades (Blowes et al., 2019).
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3.4.2Insecticides and extreme temperatures drive changes in functional
biodiversity

Threats to biodiversity pose a significant challenge because they change over
time and may result in additive adverse effects (Bonebrake et al., 2019). Long-
term continuous observations are preferable to short-term observations
because they can reveal correlations and possible causation between biological
changes and abiotic drivers of change (Gillson and Marchant 2014). Using
eDNA-based data on multitrophic biodiversity over the past 100 years, we
identified the taxonomic groups within the prokaryotic and eukaryotic
communities that significantly contributed to community assemblages shifts.
Whereas the prokaryotic community was overall changing at each major
transition between lake phases, changes in the eukaryotic community were
driven by different taxonomic groups in the transition between lake phases. The
diatom community, typically used by regulators as an indicator of freshwater
ecological status, did not change significantly over time, as the beta diversity
and the LTDI2 index revealed. These results strongly suggest that a system-
level approach, like the one proposed here, may be more appropriate than
species or taxon-specific approaches. Our approach showed that diatom
communities are not a reliable representation of the ecological status of
freshwater ecosystems and are not good indicators of environmental change.
Our approach provides a major advantage over traditional direct observations
by identifying both taxonomic and functional changes of freshwater biodiversity
in a high throughput fashion. The analysis of temporal trends of biodiversity
from a pristine baseline through impacted environment provides a new

reference point for regulators to define biodiversity in semi-pristine conditions.
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Even if Lake Ring partially recovered from eutrophication and biocide pollution
in modern times, both the contemporary eukaryotic and prokaryotic
communities are significantly different from the semi-pristine historical
community, as the PERMANOVA on beta diversity demonstrates. Our findings
align with other studies using sedaDNA on decennial timeframes focusing on
prokaryotes (e.g. cyanobacteria (Cao, Xu, et al., 2020)), whereas studies on
eukaryotic compositional changes are just emerging to enable quantitative
comparative assessments (Zhang et al., 2021). Studies on prokaryotic and
eukaryotic assemblages based on short experimental manipulations suggest
that natural communities can return to their original state before a perturbation
occurs (Hillebrand and Kunze 2020). However, longer-term experimental
manipulations show a different perspective with irreversible changes in
biodiversity composition and function (Fordham 2015). These long(er)-term
experimental manipulations and our study suggest that empirical observation of
multi trophic changes over time in natural systems are critical to understand the
context-dependency of biodiversity-environmental impact relationships and

assess the resilience of natural ecosystems.

Changes in community assemblages are important because they can be
associated with changes in functional biodiversity. Although biodiversity
variables include taxonomic, phylogenetic, and functional attributes, most
studies have focused on generic taxonomic diversity measures - usually
measured as species richness or abundance, ignoring functional biodiversity (Li
et al., 2020). Biomass and changes in biomass only capture productivity, while

disregarding other metrics, such as decomposition or resource turnover
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(Gounand et al., 2018). A complete assessment of biodiversity should include
functionality (Eisenhauer et al., 2019). In particular, enzyme activities are
relevant because they exhibit the functions encoded in genes and reflect the
role of microbiota in the transfer of matter and energy from low to high trophic
levels in ecosystems. Changes in biological assemblages over time and across
lake phases in our study resulted in significant changes in functional
biodiversity, observable through changes in metabolic, biosynthesis and
degradation functions of the prokaryotic community demonstrated by
differentially abundant KEGG pathways between lake phases. Catabolic
functions, metabolism (including methane metabolism), degradation and
biosynthesis were differentially enriched between the recovery and other lake
phases. These are key functions for the survival of organisms. For example,
change is metabolic potency and the ability to break down complex molecules
into smaller ones (catabolism and degradation) may affect survival and fitness

of living organisms by influencing the uptake of nutrients.

Predicting the functional profiles of prokaryotic communities based on their
taxonomic composition has its limitations. Predictions of functions linked to
human gut microbes tend to be more accurate than predictions on other
communities because reference databases are developed on currently available
genomes, which are biased towards microorganisms associated with human
health and biotechnology (Choi et al., 2017). Because of the bias in reference
databases, functional predictions may be more accurate for basic metabolic and
housekeeping functions (essential cellular functions that are evolutionary

conserved), which are more commonly annotated (Mi et al., 2019). Therefore, it
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is possible that we underestimated the predicted changes in functional
biodiversity driven by environmental change in our study. Yet, we were able to
detect important functional changes (e.g., metabolism and biosynthesis
essential for survival) in correspondence with major ecosystem shifts (e.g., from

semi-pristine to recovery phase).

In recent years, an increasing number of studies have documented impacts on
biodiversity driven by climate change (Pecl et al., 2017), whereas chemicals are
thought to pose a negligible threat to biodiversity because living organisms can
adapt and evolve (Groh et al., 2022). Adaptation to environmental change can
happen, but it comes at a cost that can reduce resilience of natural populations
to multiple stressors or novel stress (Cuenca-Cambronero et al., 2021). Our
study showed that chemicals and climate variables each explain up to 47% of
biodiversity compositional changes and that the joint effect of
insecticides/fungicides and yearly extreme temperature/summer precipitation
best explained changes in overall biodiversity. The joint effects of insecticides
and extreme temperature events affected prokaryotes by altering their
functionality and changing their metabolic, biosynthesis and degradation
functions. The joint effect of insecticides and summer precipitation best
explained changes in primary producers and grazers. This result aligns with
previous studies showing that the effect of chemicals on freshwater can be
exacerbated by temperature/precipitation, because of changes in the
bioavailability, adsorption, elimination and relative toxicity of chemicals by water
organisms (Pinheiro et al., 2021). Higher temperatures increase diffusion of

chemical molecules, resulting in faster uptake by living organisms and hence
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toxicity (Patra et al., 2015). In some cases, higher temperatures result in effects
on the organism’s metabolic ability to reduce a chemical’s toxicity. Our study
hints at examples of both mechanisms, distinguishing between families that are

negatively and positively correlated with climate variables.

The resolution and reliability of our data-driven systemic approach goes beyond
current state-of-the-art, enabling us to identify the specific abiotic factors, down
to the commercial name of biocides, that in isolation or combined with climate
variables affected specific families of prokaryotes and eukaryotes. Our
algorithm provides a high degree of confidence that surpasses state-of-the-art
analysis, which predominantly identify patterns of co-occurrence of taxa within
communities (e.g., Correlation-Centric Network approach(Yang et al., 2020)). A
step in the right direction to capture complex interactions between biotic and
abiotic variables is the network analysis of co-occurrence patterns among
physico-chemical and biological variables using random forest machine learning
algorithms (e.g. (Tse et al., 2018)). This approach is hypothesis-free and allows
the identification of synchronicity between various environmental variables and
sedaDNA sequence variation. However, even when applied to temporal trends,
it does not quantify joint effects of environmental factors on biodiversity. So far,
random forest machine learning algorithms have only been applied to
prokaryotic communities, disregarding other taxonomic groups and providing a
partial understanding of community-level patterns and responses (Tse et al.,

2018).

A potential limitation of our approach is that correlations identified in field

surveys do not demonstrate causation. However, they generate testable
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hypotheses that can be proven experimentally in controlled mesocosm
experiments as explained in (Eastwood et al., 2022), providing a potentially

transformative approach.

3.4.3Implications for conservation and management of biodiversity

Some of the greatest challenges in biodiversity conservation faced by water
resource managers is the limited information available on a time scale sufficient
to assess long-term changes of aquatic ecosystems. Large scale models that
link environmental drivers to biological indicators are lacking (Solimini, Cardoso,
and Haiskanen 2005), even if some countries have tried to introduce semi-
quantitative indices to assess the ecological status of freshwater (Archaimbault
and Dumont 2010). Regulators must rely on approaches ingrained into
environmental law, even though they have been proven inadequate (e.g. TDI),
as the continuous decline in biodiversity demonstrates (Pecl et al., 2017). Even
when direct links between biological indicators and abiotic drivers can be
established, these rely on indicator species (e.g. a fish, an alga and an
invertebrate) used as proxies for ecosystem health (Kanno 2016). Our data-
driven approach provides a novel way to address regulatory needs. However,
the use of data-driven, systemic approaches requires critical changes in current
environmental practice and a shift to whole-system evidence-based
approaches. The transition to the novel methodologies proposed here will
require changes in regulatory frameworks, following a test and acceptance
phase, as well as a buy-in from regulators. Our study is a proof of concept that

the drivers of biodiversity loss can be identified with higher accuracy than
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currently possible, generating hypotheses that can be tested experimentally.
Our data-driven approach enabled us to identify insecticides and temperature
as strong drivers of biodiversity loss, both in prokaryotes and eukaryotes. The
confirmation of these findings across multiple freshwater ecosystems has the
potential to inform conservation and mitigation interventions, leading to an

improved preservation of functional biodiversity.

3.5 MATERIALS AND METHODS

3.5.1 Environmental and paleoecological profile of Lake Ring

Lake Ring is a shallow mixed lake in Jutland, Denmark (55°57°51.83” N,
9°35'46.87” E) with a well-known history of human impact (Cuenca -
Cambronero et al., 2018). A sedimentary archive was collected from Lake Ring
in November 2016 with an HTH-type gravity corer; the core was sliced in 34
layers of 0.5 cm and stored in dark and cold (-20 °C) conditions. A radiometric
chronology of this sediment was completed in 2018 by Goldsmith Ecology Ltd
following standard protocols (Appleby 2001), and provided an accurate dating of
the sediment to the year 1916. According to this chronology the core covered
100 years at a resolution of ca. 3 years intervals. To reduce potential
contamination when handling older sediment layers each layer of sediment was
handled in a PCR-free and DNA-free environment. Dating of sediment was
conducted by direct gamma assay, using ORTEC HPGe GW.L series well-type
coaxial low background intrinsic germanium detector. Sediment samples with

known radionuclide profiles were used for calibration following (Appleby 2001).
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We used, historical records, direct chemical analysis of sediment, and physico-
chemical records to reconstruct the paleoecological environment of Lake Ring.
According to historical records, the lake was semi-pristine until the 1940s. In the
late 1950s, sewage inflow from a nearby town increased nutrient levels resulting
in eutrophication. The sewage inflow was diverted at the end of the 1970s, but
this period coincided with agricultural land-use intensification (>1980), causing
biocides leaching into the lake. The lake partially recovered in modern times
(>1999), experiencing a partial return to its original trophic state and reduced

impact from biocides (Cuenca - Cambronero et al., 2018).

Physico-chemical variables were measured in the lake between 1970 and 2016,
even though data are sparse and discontinuous, limiting their use in a machine
learning or statistical framework (Supplementary Fig. 4A). To complement the
historical records, we obtained climate data from the Danish Meteorological
Institute (Supplementary Table 4). The climate data were collected from a
weather station 80 km from Lake Ring. Air and water surface temperature
typically have a positive correlation for shallow streams and lakes (Livingstone
and Lotter 1998; Preudhomme and Stefan 1992). Hence, we used the data from
the weather station as an estimate of the lake water temperature. We also
observed a tight correlation between the recorded water temperature in Lake
Ring and the summer air temperature recorded by the weather station
(Supplementary Fig. 4A). In addition, we procured sales records of biocides in
Denmark between 1955 and 2015 from the Danish national archives
(Supplementary Fig. 4B; Supplementary Table 4). To assess whether the

biocide sales records were a good representation of persistent chemicals in the
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lake sediment, we quantified the persistent halogenated pesticide DDT in the
sliced sedimentary archive of Lake Ring, applying gas chromatography with
mass spectrometry analysis (Supplementary Fig. 4C). Sediment samples were
lyophilized and freeze dried in a lyophilizator using a Christ Beta 1-8 LSCplus
freeze-dryer, (Martin Christ GmbH, Osterode am Harz, Germany), to avoid
analyte loss during water removal. Following lyophilization, the sediment
samples were sieved through 0.4 mm meshes and homogenised.
Approximately 1g of dry sediment was weighed into pre-cleaned glass tubes
and spiked with 100 ng of deuterated [2H8- 4,4'- DDT], used as an internal
(surrogate) standard, followed by 1 g of copper powder (Merck, Dorset, UK)] for
sulphur removal. The sediment samples were extracted using 5ml of hexane:
acetone (3:1 v/v), vortexed for 5 min, followed by ultrasonication for 15 min and
centrifugation for 3 min at 5000 rpom. The supernatant was transferred to a
clean, dry tube and the process was repeated twice for each sample. The
combined extract was then evaporated to dryness under a gentle stream of N2
and reconstituted in 2 mL of hexane. Sulphuric acid (3 ml) was used to wash the
reconstituted crude extract. The organic phase was allowed to separate on top
of the acid layer then transferred to another clean dry test tube. The remaining
acid layer was washed twice, each with 2 ml of Hexane. The combined clean
extract and washes was evaporated under a gentle stream of Nitrogen,
reconstituted into 150 yl of iso-octane containing 100 pg/ul of PCB 131 used as
syringe (recovery) standard. Quantification of target DDTs was conducted on a

TRACE 1310™ GC coupled to an ISQ™ single quadrupole mass spectrometer
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(Thermo Fisher Scientific, Austin, TX, USA) operated in electron ionization (EI)

mode according to a previously reported method (Wong et al., 2009).

3.5.2Biodiversity fingerprinting across 100 years
eDNA extraction and metabarcoding sequencing.

We applied multilocus metabarcoding or marker gene sequencing to
environmental DNA (eDNA) extracted from the 34 layers of sediment from the
biological archive of Lake Ring using a laminar flow hood in a PCR-free
environment to obtain a fine-grained temporal quantification of taxonomic
diversity and relative abundance of taxonomic groups. eDNA was extracted
from the dated sediment layers - sedaDNA - using the DNeasy PowerSoil kit
(Qiagen), following the manufacturer's instructions. Negative aerial and PCR
controls were used; in addition, positive controls for PCR consisting of
duplicates of three random samples from the sedimentary archive, were used.
The duplicated samples were very similar, providing confidence in the approach
used (Supplementary Fig. 2). Triplicates of each sedaDNA sample were
amplified with a suite of five nuclear and mitochondrial PCR primers (barcodes)
to capture presence and relative abundance of eukaryotes (18S) (Hadziavdic et
al., 2014), macroinvertebrates (COIl) (Leray et al., 2013), primary producers
(focus on diatoms; rbcL) (Zimmermann et al., 2014), and prokaryotes (16SV1
and 16SV4) (Caporaso et al., 2011a) using Q5 HS High-Fidelity Master Mix
(New England Biolabs) and following the manufacturer's instructions. A
negative control in triplicate per plate was used. Paired end 250 bp amplicon

libraries were obtained using a 2 step PCR protocol with 96x96 dual tag

97



barcoding to facilitate multiplexing and to reduce crosstalk between samples in
downstream analyses (MacConaill et al., 2018) by EnviSion, BioSequencing
and BioComputing at the University of Birmingham (https://www.envision-
service.com/). PCR1 and PCR2 primers, as well as annealing temperatures per
primer pair in PCR1 are in Supplementary Table 5. Excess primer dimers and
dinucleotides from PCR1 were removed using Thermostable alkaline
phosphatase (Promega) and Exonuclease | (New England Biolabs). PCR2
amplicons were purified using High Prep PCR magnetic beads (Auto Q
Biosciences) and quantitated using a 200 pro plate reader (TECAN) using qubit
dsDNA HS solution (Invitrogen). A standard curve was created by running
standards of known concentration on each plate against which sample
concentration was determined. PCR2 amplicons were mixed in equimolar
quantities (at a final concentration of 12 pmol) using a biomek FXp liquid
handling robot (Beckman Coulter). The final molarity of the pools was confirmed
using a HS D1000 tapestation screentape (Agilent) prior to 250 bp paired-end

sequencing on an lllumina MiSeq platform.

Bioinformatics.

The reads were demultiplexed using the forward PCR1 primer sequence using
cutadapt 3.7.4 with an error rate of 0.07, equating to one allowed mismatch.
The quality of sequences was assessed with FASTQC (Wingett and Andrews
2018 ) and multigc (Ewels et al., 2016). Sequences were then imported into
QIIMEZ2 v 2021.2 (Bolyen et al., 2019), trimmed, filtered, merged and denoised

using the QIIME2 DADAZ2 module (Callahan et al., 2016) using default
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parameters and trimming low quality sections and reverse primer [forward read
0-10 trimmed front, 214-225 truncation; reverse read 17-26 trimmed front, 223-
247 truncation]. After denoising, the following samples had zero reads
remaining: 16SV1, 16SV4, rbcL and COIl negative PCR controls; COI aerial
negatives A and B; 16SV1 samplelD 8. The taxonomic assignment was
completed with the naive-bayes taxonomic classifiers trained using different
reference databases, depending on the barcode: the SILVA v138 database was
used for the assignment of the 16SV1, 16SV4 and 18S reads (Yilmaz et al.,
2014); the diat.barcode v9.2 was used for the assignment of rbcL reads (Rimet
et al., 2019); and the Barcode of Life Database was used for the COIl reads
(Robeson et al., 2021). The taxonomy was assigned using giime feature-
classifier classify-sklearn and used at family level where possible (Pedregosa et
al., 2011). When classification was not possible at family level, the lowest
classification possible was used. The taxonomic barplots were plotted per
barcode using ggplot2 v3.3.5 (Wickham 2016) in R v4.0.2 (Team 2020) and
including the top ten most abundant families. All other taxa were collapsed in

the plots under ‘other taxa’.

All samples were rarefied (16SV1 at 10,250 reads; 16SV4 at 10,400 reads; 18S
at 9,070 reads; COl at 3,580 reads; rbcL at 4,650 reads) to achieve
normalisation for calculating Alpha and Beta diversity metrics with QIIME2
(Bolyen et al., 2019). The following samples did not meet the rarefaction cutoff:
16SV1: aerial negatives A, B, C; 16SV4: aerial negatives A, B, C and samplelD
62 sample;18S: aerial negatives A,B,C, negative PCR control, samplelD 18,

positive control replicate 62; rbcL: aerial negative A, B, and samplelDs 50, 54,
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60; COIl samplelDs 40, 64. Alpha diversity differences among lake phases,
using shannon entropy, were tested with Kruskal-Wallis test and beta diversity
differences among lake phases, calculated as weighted unifrac distances, were
established with a PERMANOVA test (Anderson 2001). Alpha diversity was
plotted using ggplot2 v3.3.5 with R v4.0.2. Heatmaps of weighted unifrac Beta
diversity between each pair of sediment layers were plotted with the pheatmap

v1.0.12 in R v4.0.2 (Kolde 2019).

The function of the microbial communities across the four lake phases were
predicted with PICRUST2 (Douglas et al., 2020) plugin in QIIME2 (Bolyen et al.,
2019), using the rarefied reads. Differentially abundant KEGG Orthology (KO)
terms between pairs of lake phases were identified using the ANCOM plugin
(Mandal et al., 2015) in QIIME2 (Bolyen et al., 2019) and were mapped onto

KEGG pathways with enriched pathways identified using a Fisher Exact test.

3.5.3 Drivers of biodiversity change

To identify correlations between biological assemblages (families identified
through the sedaDNA sequencing) and drivers of change, we focused on
biocides and climate variables, using sparse Canonical Correlation Analysis
(sCCA,; it can be thought of as consensus PCA on multiple data matrices)
followed by Sliding Window (Pearson) Correlation (SWC) analysis
(Supplementary Fig. 5). Physico-chemical variables were not used in this
analysis because of their sparsity (data rarely met the Sliding Window
correlation criteria of 5 continuous values) and low variation over time

(Supplementary Figure 6). sCCA is a tool for integrating and discovering
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complex, group-wise patterns among high-dimensional datasets (Lin et al.,
2013). While most forms of machine learning require large sample sizes, sSCCA
uses fewer observations to identify the most correlated components among
data matrices and captures the multivariate variability of the most important

features (Parkhomenko, Tritchler, and Beyene 2009).

Matrices consisting of rarefied ASV reads per barcode, climate data and biocide
types were used as input in the analytical pipeline summarised in
Supplementary Fig 4. After the sCCA analysis the ASVs were assigned to
family level where possible or at the next lowest classifier. The first step of the
pipeline is preparing input matrices for ASVs, climate variables and biocides
(Supplementary Fig. 5; Step 1). The following step is a matrix-on-matrix
regression, applied to correlate families called from the ASVs with either biocide
type or climate variables (Supplementary Fig. 5; Step 2). The top five
components of the correlations, based on loading values, that explained the
largest covariance between matrices were extracted from the sCCA, and the
abiotic factors (climate variable and biocide type, separately) ranked according
to their contribution to the overall covariance. A Sliding Window (Pearson)
Correlation (SWC) analysis followed this step and was applied to each pair of
vectors represented by the top ranked abiotic factor and the families. This
approach was used to identify abiotic factors (either climate variables or biocide
types) that significantly correlated with families over time, using the criterion that
their Pearson correlation coefficient should be larger than 0.5 (i.e., large effect
size (Nakagawa and Cuthill 2007)) with an FDR adjusted p-value (padj) < 0.05

following 10,000 permutations (Supplementary Fig. 5; Step 3). The minimum
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sliding window size was set to 5 time points, corresponding to 15% of the total
time window for which families, biocides and climate data were available (the 34
sediment layers from the sedimentary archive span 100 years). Time intervals
with more than 50% zero values in either the biotic or the abiotic data were
discarded from downstream analyses to reduce false positives. A recall rate
was used to quantify the number of ASVs within a family that were individually
significantly correlated with the abiotic variables over all ASVs in a given family
(Buckland and Gey 1994). The families that co-varied with either biocide types
or climate variables over time were retained if they showed a Pearson
correlation coefficient > 0.5, a padj < 0.05 and a recall rate > 0.5 (90% quantile
of the recall rates of all families) (Supplementary Fig. 5; Step 4). This
conservative approach enabled us to reduce noise from spurious correlations

and improve accuracy.

The combined effect of environmental factors may have an augmented impact
on biodiversity. To identify the combined effect of climate variables and biocides
on the lake community biodiversity, we applied again sCCA analysis
(Supplementary Fig. 5; Step 5). For this analysis, we selected the climate
variables and biocide types contributing the largest covariances in the
correlation analysis in Step 4. Their combined effect on a family was considered
to be significant if the biocide type and the climate variable were each
significantly correlated with the family over the same time window, and their
average Pearson correlation was > 0.5 with padj < 0.05 (SWC analysis with
10,000 permutations) (Supplementary Fig. 5; Step 6). The biocide type and the

climate variable were interpreted to have an joint effect on a given family if the
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linear combination of the biocide type and the climate variable had a larger
Pearson correlation coefficient than each of the correlations between the family
and the biocide type and the family and the climate variable individually, in the
same time interval with padj < 0.05 (with 10,000 permutations in the SWC

analysis).

Within each biocide type that significantly correlated with a family, we
established their ranking based on the correlation coefficient (Supplementary
Fig. 5; Step 6). Significant Pearson correlations that identified the joint effect of
climate variables and individual biocides on a given family were identified with
the same criteria outlined above (Pearson correlation > 0.5; padj < 0.05; SWC
with 10,000 permutations). Chemicals with more than 50% null values or

Pearson correlation coefficients < 0.5 were discarded.

3.6 DATA AVAILABILITY

The metabarcoding sequences generated for this project are available at

Biosample ID SAMN22315717- SAMN22315798.

3.7 CODE AVAILABILITY

Code used to process and analyse the data in this study are available at

https://github.com/Environmental-Omics-Group/Biodiversity_Monitoring
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3.9 SUPPLEMENTARY INFORMATION

Supplementary Figure 1. Alpha diversity. Alpha diversity, measured as

Shannon entropy, is shown for the five barcodes used in this study (16SV1,

16SV4, 18S, COIl and rbcl) between 1916-2016. The four lake phases are

colour-coded as follows: Black - Semi-pristine; blue - Eutrophic; green -

Pesticides; red - Recovery. Kruskal-Wallis test across all phases: 18S: h 4.199,

Pval = 0.241; rbcL: h 21.677, Pval<0.000; COI: h 16.958, Pval = 0.001; 16SV1:

h 7.001, Pval = 0.072; 16SV4: h 2.220, Pval = 0.528.
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Supplementary Figure 2. Principal Coordinate Analysis. PCoA visualization

of weighted unifrac distance between samples. Positive controls for PCR

consist of duplicates of up to three samples from the sedimentary archive for

each of the five barcodes used in the study (16SV1, 16SV4, 18S, rbcL and

COl). Replicated samples are circled. The four lake phases are colour-coded as

follows: Black - Semi-pristine; blue - Eutrophic; green - Pesticides; red -

Recovery.
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Supplementary Figure 3. Trophic Diatom Index. LTDI2 calculated using the
diatom species identified in our study between 1915 and 2015 with the rbcL
barcode and the “DARLEQ3” (Diatoms for Assessing River and Lake Ecological
Quiality) tool. Mean value of 67.59, standard deviation 6.3. The four lake
phases are colour-coded as follows: Black - Semi-pristine; blue - Eutrophic;

green - Pesticides; red - Recovery.
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Supplementary Figure 4. Biocides records. A) Records of physico-chemical
parameters measured in Lake Ring. Dotted lines indicate missing data points.
Summer and annual mean temperature were recorded at a weather station
80km from Lake Ring. B) Record of biocides sales in Denmark (Million
Tons/Year) between 1950 and 2016, downloaded from the Danish national
archives; C) empirical record of DDT measured from the sediment layers of
Lake Ring using mass spectrometry analysis (ng/g; blue) and plotted against
the sales record in Denmark (Million Tons/year; orange). DDT was banned in

Denmark in 1986.
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Figure 5. Al pipeline. The analytical pipeline consists of six main steps: Step 1
is the preparation of input data matrices (ASVs, biocides and climate variables)
to be used in the sCCA analysis. The type of environmental data may vary with
the study; Step 2 is the matrix-on-matrix regression between the ASVs and
another environmental data matrix, biocides or climate in this study. Following
the sCCA analysis, the ASVs are assigned to family level (or other relevant
taxonomic order); Step 3 consists of a Sliding Window (Pearson) Correlation
(SWC) analysis, used to identify significant temporal correlations between
families and environmental variables from the sCCA analysis; Step 4 identifies
the families that co-vary with either biocides or climate variables independently;
Step 5 is used to perform an intersection analysis among multiple matrices
(families, biodices and climate variables); Step 6 applies a Sliding Window
(Pearson) Correlation (SWC) analysis to identify families, whose relative
abundance changes both with biocides and climate variables over time. The
pipeline enables the ranking of environmental variables or their combination
thereof that is inversely correlated to the relative abundance of families over

time.
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Supplementary Table 1 — sCCA analysis. CCA loadings calculated with

sparse canonical correlation analysis for biocides (A) and climate variables (B).

The categories of biocides are insecticides, fungicides, pesticides and

herbicides. The environmental variables are mean minimum temperature,

maximum daily precipitation, highest recorded temperature, mean summer

temperature, summer precipitation, annual total precipitation, summer

atmospheric pressure and lowest recorded temperature.

18S 16V1 16V4 rbcl col
A)
Biocides
1 insecticide insecticide |insecticide |insecticide |fungicide
2 fungicide fungicide fungicide fungicide insecticide
3 pesticide pesticide pesticide pesticide pesticide
4 herbicide herbicide herbicide herbicide herbicide
B)
Climate
variables
mean mean mean mean
minimum minimum minimum minimum mean minimum
1 temperature |temperature |temperature |temperature [|temperature
summer
mean maximum
atmospheric |summer total |daily summer total |annual total
2 pressure precipitation |precipitation |precipitation |precipitation
summer highest summer maximum
mean recorded mean daily highest recorded
3 temperature |temperature [temperature |precipitation |temp
highest summer highest summer summer mean
recorded mean recorded mean atmospheric
4 temp temperature |temperature |temperature |(pressure
lowest
summer total |recorded summer total |annual total |summer mean
5 precipitation |temperature |precipitation |precipitation [temperature
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Supplementary Table 2. Correlations between biodiversity and
environmental variables. Summary of correlations between taxonomic units
identified through the five barcodes (18S, 16SV1, 16SV4, rbcl and COI) and
environmental variables, including biocides and climate factors. The taxonomic
name and the number of significant correlations between a taxonomic unit and
environmental variables, is followed by a correlation value, associated p-
adjusted value and recall rate for each variable. The taxonomic units are
reported at the lowest taxonomic assignment possible (f — family; o — order; c-
class; p — phylum; null - unassigned). Results are collated per barcode, each in
a separate tab. The last tab lists only taxonomic units that significantly
correlated with the environmental variables based on the combined criteria of
Pearson correlation value greater than 0.5, adjusted P-value smaller than 0.05

and recall rate greater than 0.5 along with the direction of the correlation.

See Appendix A — Chapter 3, Supplementary Table 2. Also available as excel spreadsheet.
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Supplementary Table 3. Joint effects between biocides and climate
variable. The biocides showing significant joint effect with climate variables are
ranked based on their correlation coefficient. The barcode and identified
families that are affected by the joint effect of a climate variable and biocides
type are shown. The order in which the biocide types are ranked is the same

used to plot Figure 5.

See Appendix A — Chapter 3, Supplementary Table 3.. Also available as excel
spreadsheet.
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Supplementary Table 4. Lake Ring metadata. Dating record for Lake Ring,
climate data collected from a weather station adjacent to the lake, and sales
records for biocides are shown. The year of sampling (year), the sample ID, the
depth of the sediment layer measured in centimetres (Depth), climate variables
(annual mean temperature °C, summer mean temperature °C, mean minimum
temperature °C, mean maximum temperature °C, highest recorded temperature
°C, lowest recorded temperature °C, mean atmospheric pressure hPa, summer
mean atmospheric presure hPa, annual total precipitation mm, summer
precipitation mm, maximum daily precipitation mm, No. of days with snow
cover, annual mean cloud cover, and summer mean cloud cover) and record of
biocides sales between the 1950s and 2016 in tonnes/year and separated per

class (insecticides, herbicides, fungicides and pesticides).

See Appendix A — Chapter 3, Supplementary Table 4.. Also available as excel
spreadsheet.
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Supplementary Table 5. PCR primers. Tab1) PCR1 primers with bibliographic
references, expected fragment size (bp), annealing temperature (°C) and primer
sequences (in black) with overhang to prime the sequencing flow cell; Tab2)
PCR2 primers consisting of Nextera adapters, universal tail and overhang

sequence.

See Appendix A — Chapter 3, Supplementary Table 5.. Also available as excel
spreadsheet.
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41 ABSTRACT

Cost-effective and accurate quantification of biodiversity is important for
biodiversity conservation, resource management, and forecasting. Traditional
monitoring approaches have relied on direct observations, remote sensing, and
mark-recapture techniques, providing insights into species ecology and the
impact of pollution and climate change on indicator species. However, these
techniques are typically expensive, and can be invasive or low throughput. In
addition, they cannot detect cryptic diversity and are biased towards species

that leave identifiable remains.

DNA-based methods, such as metabarcoding or single marker gene assays,
have enabled high throughput screening of a wide range of taxonomic groups,
including ones without well-preserved remains. As compared to traditional
techniques, these approaches are high throughput, can resolve cryptic diversity,
do not require taxonomic specialist skills and are non-invasive. However,
although they are comparatively cheaper than traditional approaches, they are
expensive when applied at community-level as single marker assays are
amplified and sequenced independently. Multilocus approaches in which
multiple gene markers are amplified in a single reaction are desirable to deliver
community-level assessments in a cost-effective manner. Yet, they are
uncommon because of technical challenges that may lead to biases in
downstream analyses, such as index hopping and unbalanced representation of
taxonomic groups. Here, we developed a highly multiplexed protocol that
combines early pooling of marker genes that target broad taxonomic groups

and taxon-specific markers in a single tube reaction. This is combined with
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unique dual-indexed sequencing adapters that allow the pooling of up to 384
samples per marker gene (N=1,536 samples) in a single sequencing run. This
approach dramatically reduces the costs of community-level biodiversity
quantification and lowers the needs for input DNA without compromising output
quality. We optimised the multiplex assay on lake freshwater sediment samples
and benchmarked the assay on samples from other environmental matrices,

demonstrating its direct application to river and marine communities.

Keywords: eDNA, metabarcoding, multiplex, singleplex, freshwater, marine,

sediment
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4.2 INTRODUCTION

Biodiversity monitoring is the foundation for effective biodiversity conservation,
resource management, and forecasting. Traditional biodiversity monitoring
techniques, such as direct observations, remote sensing and mark recapture
techniques have provided valuable insights into species ecology and the impact
of pollution and climate change on indicator species (Eveleigh et al., 2007;
Ropert-Coudert and Wilson, 2005; Yoccoz, 2012). However, they have
significant limitations due to the difficulties associated with correct identification
of (cryptic) species or life stages from the same species. These techniques
require specialist taxonomic expertise, are not standardised when it comes to
sampling protocols, and can be invasive. Traditional techniques are also
typically low throughput and biased towards species that leave identifiable

remains (Gillson and Marchant, 2014).

In the last decade, DNA-based methods (e.g. metabarcoding) have
revolutionised conventional biodiversity research by enabling high throughput
screening from environmental matrices without being limited to taxonomic
groups with well-preserved remains (Creer et al., 2016; Cristescu and Hebert,
2018). DNA-based approaches have a higher throughput than traditional
approaches, do not require taxonomist specialist skills, can resolve cryptic
diversity and be applied to bulk DNA extracted from environmental matrices
(‘Environmental DNA’ or eDNA (Cristescu and Hebert, 2018)). Furthermore,
large surveys can be conducted in a relatively fast and cost-effective manner,
and over large geographic areas, including remote regions, non-invasively

(Taberlet et al., 2018). By matching sequence similarity to records in public
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databases (e.g., NCBI and SILVA), molecular operational taxonomic units
(MOTUs) can be identified, enabling the analysis of taxonomic compositional

shifts and estimates of species richness.

To date, most metabarcoding studies have used a single marker gene
approach; cytochrome c oxidase subunit | (COIl) is commonly used for
vertebrates and invertebrates (Krehenwinkel et al., 2018; Leray et al., 2013),
internal transcribed spacer (ITS) is used to identify fungi (Schmidt et al., 2013),
plastid DNA (rbcL) is used for plants and primary producers (Chase and Fay,
2009; Tse et al., 2018), and 12S for fish (Miya et al., 2015). A multi-marker gene
approach is highly desirable to deliver community-level assessments in a cost-
effective manner (Ficetola and Taberlet, 2023). However, thus far, community-
level assessments of biodiversity have only been achieved with the integration
of results from individual marker genes (Eastwood, Zhou, et al., 2023;
Eastwood et al., 2022; Li et al., 2023). A multi-locus approach improves the
robustness of taxonomic assignment alleviating false negatives caused by
random missed amplifications of target genes caused for example by DNA
degradation or mutation in primer sites (Zhan et al., 2014). Species detection
rate based on multiple loci can be up to 35% more accurate than when using
single locus approaches (Zhang et al., 2018). However, highly multiplexed
approaches that enable estimates of community-level biodiversity in a cost-
effective manner are largely missing because they can be challenging to
optimise (Ficetola and Taberlet, 2023). A step in the right direction is 2-step
PCR protocols, which include a first-round PCR (1st PCR) that amplifies a

target DNA locus or marker gene region using universal primers, followed by a
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second-round PCR (2nd PCR) that appends sample-specific indexes to marker
gene regions (Bohmann et al., 2022). After the 2nd PCR, samples are usually
combined in a multiplex for high throughput sequencing. Alternatively, a
sample-specific index may be added to the 1st PCR (Bohmann et al., 2022).
This approach improves throughput, but it requires upfront costs (Bohmann et

al., 2022; Caporaso et al., 2011b; Ushio et al., 2022).

We aimed to develop a cost-effective assay which captures community wide
biodiversity by combining multiple marker gene regions whilst maintaining
comparable accuracy and sensitivity to ‘standard’ single marker gene assays.
We aimed to optimise this protocol for lake freshwater communities because
these communities support humans and wildlife (Darwall et al., 2018), and have
high conservation value, delivering important ecosystem services (e.g. clean
water, food provision and recreation) (Dudgeon et al., 2006; Ruckelshaus et al.,
2020). In addition, we aimed to assess the suitability of the assay for

applications in diverse environments, other than freshwater lakes.

In this study we developed a highly multiplexed protocol that combines early
pooling at the PCR1 stage and pooling after PCR2 at the sequencing stage,
significantly reducing costs of metabarcoding and lowering the amount of input
DNA required to capture community-level biodiversity. We combined three
marker gene primer pairs that target 18S and 16S loci, broadly capturing
prokaryotes and eukaryotes, with a taxon-specific locus (rbcL) used by
regulators to determine water quality in both rivers and lakes. By combining four

loci, we capture community-level biodiversity in a single tube reaction.
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We benchmarked the multiplex by comparing taxonomic detection rates and
accuracies of the multiplex with single locus metabarcoding assays on the same
samples. We validated the multiplex on independently sampled material
originating from diverse environmental matrices, including river water, soil,
peatland, coastal and offshore marine environments. The developed multiplex
approach has the potential to significantly improve capacity for both biodiversity

routine monitoring and research discoveries.

4.3 MATERIAL AND METHODS

4.3.1 Multiplex optimisation on freshwater sedaDNA samples

A standard 2-step PCR protocol includes a primary reaction for the marker gene
or target locus in PCR1, in which primers with 5' sequence overhangs are
added to the marker gene of choice, and a PCR2, which carries sequencing
adapters and indices to be attached to cleaned PCR1 products (Bohmann et al.,
2022; Ushio et al., 2022). PCR2 libraries are then pooled for sequencing on an
lllumina or lllumina-compatible platform, following removal of excess primers.
We modified this protocol by multiplexing four loci in PCR1 (Figure 1). The
multiplex protocol was optimised on bulk environmental DNA (eDNA) extracted
from freshwater lake sediment from a previous study (Eastwood, Zhou, et al.,
2023) using DNeasy PowerSoil kit (Qiagen) (sedaDNA), following the
manufacturer instructions, in a PCR free environment. Extraction and PCR
blanks were used to monitor for contamination. The metabarcoding loci used in
the multiplex were: two regions targeting eukaryotes broadly [(18SV1V2)

(Hadziavdic et al., 2014) and (18SV8V9) (Bradley, Pinto, and Guest, 2016)],

134



and prokaryotes (16SV4) (Caporaso et al., 2011a), plus a taxon-specific marker
targeting diatoms (rbcL) (Kelly et al., 2018) (Table S1). Triplicate samples were
amplified in PCR1 using Q5 HS High-Fidelity Master Mix (New England Biolabs)
following the manufacturer's instructions. To protect commercially sensitive
information, the amplification parameters of this step will not be disclosed. After
removing excess primers with High Prep PCR magnetic beads (Auto Q
Biosciences), cleaned PCR1 products were pooled in a second PCR in which
unique dual-indexed sequencing adapters (Table S2) allowed pooling of up to
384 samples per marker gene in a single sequencing run (N = 1,536 samples
per run). Unique dual barcodes (indices) were to reduce index-misassignment
and index-hopping between samples (MacConaill et al., 2018). PCR2 amplicons
were purified using High Prep PCR magnetic beads (Auto Q Biosciences) and
quantitated using a 200 pro plate reader (TECAN) using qubit dsDNA HS
solution (Invitrogen). A standard curve was created by running standards of
known concentration on each plate against which sample concentration was
determined. To assess whether each of the amplicons were equally
represented in the PCR1 multiplex, we performed single gene marker PCRs on
an aliquot of the cleaned PCR1 products (Figure S1). This approach assessed
the approximate quantity of each of the four marker genes in the PCR1
multiplex product as a quality check prior to sequencing. This approach was
adopted because the amplicons had overlapping lengths and could not be
distinguished based on gel migration alone (Figure S1). PCR2 libraries were
mixed in equimolar quantities (at a final concentration of 12 pmol) using a

biomek FXp liquid handling robot (Beckman Coulter). The final molarity of the
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pools was confirmed using a HS D1000 tapestation screentape (Agilent) prior to

250 bp paired-end sequencing on an lllumina MiSeq platform.

FIGURE 1 A) The composition of a dual-indexed metabarcoding Illumina library
sequence, including a metabarcoding marker, forward (F) and reverse (R)
primers, sequence adapters, lllumina indexes (i5 and i7) and sequences used
to prime to sequencing flow cell. B) Multiplex key steps are shown, including
eDNA extraction, multiplexed PCR1 with 4 metabarcoding markers plus a
cleaning step to remove excess primers, PCR2 plus a second cleaning step and
a final pooling step before sequencing on an lllumina or lllumina compatible

platform.

A) Priming sequence Index i5 adapter F _ R adapter Index i7 Priming sequence

B) - - Library 1
Library 2
- - Library 3 ' E
?g - - Library n
o RU i —
eDNA extraction PCR 1 PCR1 PCR2 PCR2 Pooling Sequencing

purification i purification

4.3.2 Single and multiplex performance on freshwater sediment samples

The sequenced reads were demultiplexed per marker gene using cutadapt v4.1
(Martin, 2023), and analysed with QIIME2 v2022.8 (Bolyen et al., 2019).
Trimming, filtering, merging and denoising of reads was done using the QIIME2
DADAZ2 module (Callahan et al., 2016) with default parameters. Taxonomy
assignment was completed with the QIIMEZ2 feature-classifier module with

naive-bayes taxonomic classifiers trained using different reference databases,
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depending on the barcode: the SILVA v138 database was used for the
assignment of the 16S and 18S reads (Yilmaz et al., 2014); and the
diat.barcode v9.2 was used for the assignment of rbcL reads (Rimet et al.,
2019). The cleaned reads were rarefied and diversity indices (e.g., alpha and

beta diversity) were calculated using the QIIME2 diversity module.

The performance of single and multiplex assays was assessed by comparing
alpha and beta diversity, using the rarefied reads. Alpha diversity was
measured as Pielou evenness and Shannon diversity, supported by Kruskal-
Wallis (Kruskal and Wallis, 1952) using the function alpha-group-significance in
the QIIMEZ2 diversity module. Beta diversity was measured as Bray-Curtis
distance and significant differences between single and multiplex assays
assessed with a PERMANOVA test (999 permutations) using the function beta-

group-significance in the QIIMEZ2 diversity module.

4.3.3 Benchmarking the multiplex on eDNA from other environmental
matrices

We benchmarked the multiplex using eDNA samples extracted from different
environmental matrices and including grassland, marine coastal and marine
offshore water, marine coastal and marine offshore sediment, river water,
peatland and woodland (Table S3). These samples were provided by

NatureMetrics (www.naturemetrics.co.uk) and are therefore anonymised to

adhere to data protection requirements. eDNA from water samples (freshwater
and marine) was extracted using a DNeasy Blood and Tissue Kit (Qiagen)

following Spens (Spens et al., 2017). The original method was modified as
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described in Egeter et al., (2023). Briefly, proteinase K was added directly to the
disc filters on which water was filtered and stored. 1 mL of the lysate was
carried forward for extraction with the DNeasy Blood and Tissue Kit (Qiagen).
eDNA was extracted from soil and sediment samples using DNeasy PowerSoil
Kit (Qiagen). An extraction blank was processed with each batch of extractions
to assess potential contamination in the DNA extraction process. DNA was
purified to remove PCR inhibitors using a DNeasy PowerClean Pro Cleanup Kit
(Qiagen). Purified DNA extracts were quantified using a Qubit dsDNA HS Assay
Kit on a Qubit 3.0 fluorometer (Thermo Scientific). The DNA concentration was

quantified using a Qubit DNA broad range kit.

Some samples extracted from woodland, grassland and peatland did not
generate a visible PCR 1 product on agarose gel. We suspected that PCR
inhibitors (e.g., humic substances) were responsible for these failures.
Therefore, we tested the single and multiplex assays with the addition of bovine
serum albumin (BSA) (Ramalingam, Warkiani, and Gong, 2017) and compared
the performance of these assays with the regular assays described above. The
samples collected from different environmental matrices were amplified with the
same four amplicons used in the sedaDNA samples above (Table S1), both in
single and multiplex assays. The metabarcoding libraries and sequencing
strategy were the same as above. The sequence preprocessing strategy and
the taxonomic assignment followed the same strategy used for the sedaDNA

samples described above.

The performance of the benchmarking samples used in single and multiplex

assays was assessed by comparing overall alpha and beta diversity, as above.
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Significant differences in beta diversity (Bray-Curtis distance) between single
and multiplex assays was assessed with a PERMANOVA test (999
permutations) with sample type as strata using the function pairwise.adonis2
(v0.0.1)(Arbizu, 2017), wrapping the package vegan (v2.5-7) (Oksanen

et al., 2020) in R (v4.0.2) (R core team, 2020). In addition, we assessed alpha
diversity (Pielou evenness and Shannon diversity) of sample types (e.g. river
water, marine sediment) between single plex and multiplex using a Wilcoxon
signed rank test with Benjamini & Hochberg correction for multiple testing in
giime2 using the pairwise-distances function in the longitudinal module in
QIIMEZ2 (Bokulich et al., 2018). PCoA of Bray-Curtis distances was used to
visualise the similarity between single and multiplexed samples, plotted using
ggplot2 (v3.4.0) (Wickham, 2016) in R (v4.0.2) (R core team, 2020). A Venn
diagram was used to visualise the overlap of species and ASVs between the
single and multiplex assays for the total number of features (100%), as well as
for the topmost abundant features making up 85% and 70% of the reads in the
two assays. This approach was used to determine whether discrepancies, if
any, between assays could be explained by the capture efficiency of rare
species. To assess whether sequencing effort would lead to a convergence in
the number of ASVs detected by the two assays, we performed a rarefaction
analysis with resampling strategy with the function rarecurve in the package
vegan (v2.6—4) (Oksanen et al., 2020) using R (v4.0.2) (R Core Team, 2020),

plotted with ggplot2 (v3.4.0) (Wickham, 2016).
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44 RESULTS

4.4.1 Single and multiplex assays on sedaDNA samples

The rarefaction depth for the sedaDNA samples was as follows: 16SV4 = 8,245;

18SV1V2 = 12,584; 18SV8V9 = 17,703; and rbcL = 6,372. The alpha diversity

measured on sedaDNA samples, both as Pielou evenness and Shannon

diversity, did not significantly differ between single and multiplex assays (Table

1). The beta diversity measured as Bray-Curtis distance across the four gene

markers did not differ significantly between single marker and multiplex assays

(Table 2).

TABLE 1 Kruskal-Wallis test on Pielou’s evenness and Shannon diversity
calculated between single and multiplex assays for four marker genes

(16SV4;18SV1V2; 18SV8V9I and rbcl) sequenced on the sedaDNA samples.

Significant P-values are in bold.

Pielou Pielou Shannon Shannon
Evenness | Evenness | diversity diversity P
J) P value (S-W) value
16Sv4 0.0 1.0 2.4 0.12
18Sv1v2 (0.0 1.0 0.33 0.56
18Sv8Vv9 [ 1.5 0.22 0.0 1.0
rbcL 0.6 0.44 0.6 0.44
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TABLE 2 Permutational Multivariate Analysis of Variance (PERMANOVA) using
Bray-Curtis distance (F) assessing differences between single plex and
multiplex assays on sedaDNA samples (999 permutations) across four gene

markers (16SV4; 18SV1V2; 18SV8V9 and rbcl).

Marker gene F P value
16SV4 0.50 0.68
18SV1V2 0.36 0.81
18SV8V9 0.37 0.66
rbcL 0.29 0.68

4.4.2 Benchmarking the newly developed multiplex in other environmental
matrices

The rarefied sequence depth for the multiplex benchmarking samples were as
follows: 16SV4 =5,549; 18SV1V2= 7,734; 18SV8V9=10,900; rbcL = 1,590. The
Pielou evenness index (alpha diversity) measured across all samples extracted
from different environmental matrices did not differ significantly between single
marker genes and multiplex assays for the 16S and both the 18S barcodes
(Table 3; Figure 2). A significantly different Pielou index was observed between
single and multiplex assays for the rbcL barcode, for which some samples in the
single and multiplex assays showed dissimilar evenness (Table 3; Figure 2).
The Shannon index showed more variability than the Pielou evenness with
three out of four indices showing significant difference between single and
multiplex (Table 3; Figure 2). The addition of BSA to the PCR reactions

improved the amplification results, but did not significantly change the
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sequencing results, as the statistical tests comparing multiplex assays with and
without BSA showed (Table 3). No significant (Wilcoxon signed rank P adj.
>(0.05) difference in alpha diversity (both Pielou evenness and Shannon
diversity) was observed between individual sample types that successfully

amplified with both the single plex and multiplex (Table 4).
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FIGURE 2 Alpha diversity mean and standard error for the benchmarking

samples listed in Table S1 measured in single (black) and multiplex (red)

assays. For each sample type mean and standard deviation are shown. Lack of

a data point indicates that the specific sample/plex failed.
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TABLE 3. Kruskal-Wallis test on Pielou’s evenness (H) and Shannon diversity

calculated between single and multiplexes (both regular and BSA), and

between the two multiplexes assays in the benchmarking samples. P-values are

Benjamini & Hochberg corrected. Significant adjusted P-values are in bold.

Splex — single plex; mplex — multiplex (regular protocol); bsa — multiplex with

addition of BSA.

Pielou Evenness

Shannon Diversity

Group 1 Group 2 H P adj H P adj

value value

16Sv4 bsa (n=20) mplex (n=19) | 0.079 0.779 0.064 0.800
16Sv4 bsa (n=20) splex (n=27) | 0.778 0.766 15.504 0.000
16Sv4 mplex (n=19) | splex (n=27) | 0.433 0.766 15.681 0.000
18Sv1v2 | bsa (n=26) mplex (n=27) | 0.020 0.887 0.038 0.845
18Sv1v2 | bsa (n=26) splex (n=29) | 0.329 0.850 11.482 0.001
18Sv1v2 | mplex (n=27) | splex (n=29) | 0.486 0.850 12.719 0.001
18Sv8v9 | bsa (n=26) mplex (n=27) | 0.091 0.762 0.005 0.943
18Sv8v9 | bsa (n=26) splex (n=29) | 0.410 0.762 3.377 0.105
18Sv8v9 | mplex (n=27) | splex (n=29) | 0.302 0.762 3.283 0.105
rbcL bsa (n=15) mplex (n=16) | 0.002 0.968 0.056 0.813
rbcL bsa (n=15) splex (n=29) | 11.422 0.001 20.194 0.000
rbcL mplex (n=16) | splex (n=29) | 12.819 | 0.001 21.160 0.000
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TABLE 4. Wilcoxon signed rank test on Shannon Diversity and Pielou

Evenness calculated between samples successfully amplified with both single

plex and multiplex (regular only) assays for the benchmarking samples. P-

values are Benjamini & Hochberg corrected.

Shannon Diversity

Pielou Evenness

Marker W

gene  Sample Type score P adjvalue |W score P adjvalue
Marine Coastal 0 1 0 1
Marine CoastalSed |0 0.109375 4 0.765625
MarineOffshore 0 1 0 1

16Sv4  [MarineOffshoreSed |0 0.875 1 1
Peatland 0 1 0 1
River 0 0.58333333 [0 0.875
\Woodland 0 0.58333333 [1 1
Diatom 0 1 0 1
Grassland 0 0.375 0 0.5625
Marine Coastal 0 0.375 2 1
Marine CoastalSed |0 0.28125 0 0.28125

18Sv1v2MarineOffshore 0 0.64285714 |1 1
MarineOffshoreSed (0 1 0 1
Peatland 0 0.375 0 0.5625
River 0 0.375 0 0.5625
\Woodland 0 0.375 1 0.9
Diatom 0 1 0 1
Grassland 0 0.75 1 1
Marine Coastal 0 0.75 0 1
Marine CoastalSed |0 0.28125 8 1

18Sv8v9MarineOffshore 1 1 0 1
MarineOffshoreSed |0 0.9 1 1
Peatland 3 1 3 1
River 0 0.9 1 1
\Woodland 2 1 1 1
Marine Coastal 0 0.41666667 |1 0.625
Marine CoastalSed |0 0.3125 0 0.3125

rbcL MarineOffshore 0 1 0 1
MarineOffshoreSed |0 0.625 0 0.625
River 0 0.41666667 [0 0.625
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The beta diversity, measured as Bray-Curtis distance, did not significantly differ
between single and multiplex across all marker genes (Table 5; Figure S2).
There was no significant difference in beta diversity between multiplex assays

with and without BSA (Table 5).

TABLE 5 Pairwise PERMANOVA on Bray-Curtis distance between single plex
(single) and multiplex (multi, both regular and with addition of BSA) in the
benchmarking samples following 999 permutations, with strata set to sample
type. Beta diversity was also tested between regular multiplex and multiplex

with addition of BSA.

Amplicon | Single/Multi (p | Single/Multiplex+BSA (p | Multi/Multix+BSA (p
val) val) val)

16Sv4 0.098 0.134 0.998

18SV1V2 | 0.855 0.877 1.000

18SV8V9 | 0.996 0.999 1.000

rbcL 0.318 0.238 0.972

The percentage of ASVs identified by both single and multiplex assays ranged
between 31.3% in 18Sv1v2 and 14.0% in 16Sv4 when 100% of the features
were considered (Figure 3). The performance of the two assays converged
when the top 85% most abundant features were included in the analysis (Figure
3). The similarity increased more evidently for the 18S regions (96.6% in
18Sv1v2, 96.5% in 18Sv8v9), whereas similarity remained suboptimal for

16Sv4 and rbcL (55.7% and 71.1% respectively; Figure 3). When the 70% most
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abundant features were considered, the ASVs identified by single and multiplex
assays overlapped 98.7% in 18Sv1v2, 98.3% in 18Sv8v9, 91.2% in the 16S
and 94.1% in the rbcL gene marker (Figure 3). The single and multiplex assays
showed similar performance when overlap was studied at species rather than

ASV level (Figure S3).
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FIGURE 3 Venn diagrams showing ASVs shared between single (blue) and
multiplex (red) assays, as well as unique to either assay for the total number of

detected features (100%), the top 85% and 70% features.

100% ASVs Most abundant 85% Most abundant 70%
of ASVs of ASVs

4 822
(0.5%) (96.6%

8658 48
(61.1%) (3.2%)

0 299
(0.0%) (98.7%

4364

(61.4%)

18Sv1l

0 462 8
0.0%) (98.3%) (1.7%)

18Sv8

1515 [ 2620 | 14609 366 1544 1303
(8.1%) \14.0%) (77.9%) (8.5%) (35.8%) 91.2%

16Sv4

273 [ 431 | 2062 106 0 112
(9.9%) (15.6%) (74.5%) (23.0%) (0.0%) \94.1%

rbcL
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The rarefaction analysis, aimed at understanding whether a higher sequencing
effort would lead to more congruency between single and multiplex assays,

showed that both assays had plateaued at the rarefied number of reads used in
our analyses (Figure S4), suggesting that a higher sequencing effort would not

increase the number of ASVs or species detected.

4.5 DISCUSSION

Holistic approaches that enable the quantification of community-level
biodiversity are critical to research and monitoring efforts. Because
environmental change affects taxonomic groups differently, ignoring the biotic
interactions of a species within its food web can lead to wrong estimation of
effects (Fricke et al., 2022; Urban et al., 2016). Only by capturing the response
of entire communities to environmental change, can we begin to understand the
diagnostic links between environmental drivers and loss of biodiversity
(Eastwood et al., 2022; Eastwood, Zhou, et al., 2023; Li et al., 2023; Urban et

al., 2016).

Highly multiplexed metabarcoding approaches have the potential to meet the
challenge of capturing community-level biodiversity and help identify the causes
of biodiversity loss, at comparable efforts and costs than required by single
gene markers (e.g. Balint, Nowak, et al., 2018). However, they have technical
challenges that may lead to biases in downstream analyses. One of the most
common challenges of multiplexing is finding suitable DNA regions and
achieving a balanced amplification of all regions, avoiding potential competitive

PCR amplifications. It is often challenging to obtain an even amplification
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success rate across diverse taxonomic groups (Bohle and Gabaldon, 2012). A
step in the right direction are recent efforts that successfully apply early pooling
strategies after PCR1 in a 2-step traditional PCR protocol (e.g. application to
fish communities (Ushio et al., 2022)). Yet, these strategies are costly because
each sample is tagged with a unique string of nucleotides to make the
assignment of sequences to samples more robust. We overcame the limitations
of combining primers with different length and amplification performance by
balancing the concentration of each primer according to its amplification

performance, at the same annealing temperature.

A second challenge common to multiplexing individual gene markers is the
wrong assignment of reads to samples and barcodes, a phenomenon known as
index hopping (MacConaill et al., 2018; Taberlet, A., et al., 2018). We used a
paired end strategy with unique 384x384 dual tag barcoding to reduce crosstalk
between samples in downstream analyses. Furthermore, we adopted
downstream bioinformatics tools to reduce the number of false positives due to

index-hopping and PCR and sequencing errors (Bolyen et al., 2019).

A third challenge affecting multiplexing assays Is the lower accuracy in
detecting taxa in each DNA sample. Single-plex metabarcoding is expected to
have higher accuracy than multiplex metabarcoding, because a single target
sequence is included in each reaction. Working with individual gene-markers
can reduce the risk of cross-contamination between samples and the error rate
introduced during amplification and sequencing of a pool of barcodes (Caroe
and Bohmann, 2020). Accuracy and low cross-contamination are particularly

important when working with low abundance or endangered species critical for
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conservation efforts (Giebner et al., 2020). We showed that alpha diversity
measured with Pielou evenness and beta diversity did not significantly differ

between single and multiplex assays across different sample types.

However, our results showed significant difference between single and multiplex
assays when alpha diversity was measured with the Shannon index. This may
be explained by the Pielou evenness index accounting for species relative
abundance, as opposed to an overall assessment of richness measured by the
Shannon index, and a higher sensitivity of the Shannon index to species
abundance (Johnston and Roberts, 2009). This is supported by the non-
significant difference between single and multiplex assay for individual sample
types successfully amplified in both assays, even if this analysis could not be
completed on all paired samples due to amplification failure of some samples.
Furthermore, higher sequencing effort of the single plex as compared to
multiplex assays would have resulted in a skewed estimate of richness,

affecting the Shannon index more pronouncedly than Pielou evenness.

We also showed that the ASVs and species captured by the two assays largely
overlapped. This overlap was higher for genes targeting a wide range of
taxonomic groups than for taxon-specific genes. This is expected, given the
variable performance of the taxon-specific gene rbcL with different sample
types. For example, the rbcL performed poorly with samples originating from
soil, peatland and woodland, in which freshwater diatoms are not expected. It is
possible that aspecific amplification affected single and multiplex differently for
this barcode. The congruence between single and multiplex assays improved

for all marker genes when rare ASVs/species were excluded from the analyses,
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suggesting that rare species were less efficiently captured in multiplex assays.
This could be explained by the lower depth of sequencing of the multiplex as
compared with single plex assays. However, the rarefaction and resampling
approach we used to determine whether higher sequencing depth of the
multiplex assay would capture more species, showed that both assays had
already plateaued at the depth of sequencing used for the data analysis
(rarefied reads). This suggests that a higher sequencing effort alone is not likely
to increase the capture of rare ASVs/species in multiplex assays. The likely
strategy needed to capture rare species involves a higher eDNA input and/or a
higher number of biological replicates in PCR1. In particular, a higher number of
replicates has been previously shown to reduce errors and biases, such as the
missed amplification of rare species due to preferential amplification of

abundant species (Bohmann et al., 2022; Bohmann et al., 2014).

In conclusion, we have shown that multiplexing gene markers in the same
reaction improves throughput, reduces costs and enables the amplification of
community-level biodiversity with limited input material. This is a significant
advancement over previous studies using multiple primers to improve the
amplification of longer marker regions (e.g., COI-5P gene (Govender et al.,
2022)) and the detection capacity of target taxonomic groups [e.g., zooplankton
(Zhang et al., 2018) and fish (Ushio et al., 2018)]. Multiplexing four loci or gene
markers at PCR1, combined with sample-specific dual indexes, and pooling of
PCRZ2 libraries, provided significant savings without compromising quality and
accuracy and reducing requirements on input DNA. The multiplex optimised for

freshwater sedaDNA performed comparably well on samples extracted from
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rivers, marine coastal and marine offshore samples (water and sediment). A
potential limitation of our assay was the lower detection of rare species. We
suggest that this limitation can be overcome with a higher number of biological
replicates or input eDNA. It is noteworthy that the multiplex assay presented
here shows a high congruence with single marker genes, especially when
targeting a wide range of taxonomic groups, which was the intended use for this

tool.

4.6 DATA AVAILABILITY STATEMENT

The metabarcoding sequences generated for this project are available at
Biosample ID SAMN36027245 - SAMN36027412 (benchmarking samples) and

SAMN36027413 - SAMN36027427 (sedaDNA samples).
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4.8 SUPPORTING INFORMATION

TABLE S1. PCR1 primers, bibliographic references and sequences. Marker

gene sequence in black, universal overhang in blue and adapter tag for PCR2

primer in green. Note: “|” differentiates parts of the sequence for clarity but does

not indicate a separation in the nucleotide molecule.

Marker | Referenc Primer
gene e directi Sequence (5'-3'): adapter tag|universal overhang|primer
on
Forwar | ACACTCTTTCCCTACACGACGCTCTTCCGATCT|NNNNN|GCTTGTCTCAAA
Hadziav | d GATTAAGCC
18SV1 dic et al
V2 2014 | Rever GTGACTGGAGTTCAGACGTGTGCTCTTCCGATCT|GCCTGCTGCCTTCCTT
se GGA
Bradley, | Forwar | ACACTCTTTCCCTACACGACGCTCTTCCGATCT|NNNNN|ATAACAGGTCTG
Pinto, d TGATGCCCT
18SV8 and
Vo Guest, Rever | GTGACTGGAGTTCAGACGTGTGCTCTTCCGATCT|CCTTCYGCAGGTTCAC
2016 se CTAC
Forwar | ACACTCTTTCCCTACACGACGCTCTTCCGATCT|NNNNN|GTGCCAGCMGC
Caporas | d CGCGGTAA
16SV4 oetal,
2011a Rever | GTGACTGGAGTTCAGACGTGTGCTCTTCCGATCT|GGACTACHVGGGTW
se CTAAT
Forwar | ACACTCTTTCCCTACACGACGCTCTTCCGATCT|NNNNN|ATGCGTTGGAGA
Kellvet | @ GARCGTTTC
rbcL ely e
al. 2018 | pover | GTGACTGGAGTTCAGACGTGTGCTCTTCCGATCT|GATCACCTTCTAATTTA

se

CCWACAACTG
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TABLE S2. PCR2 primers consisting of nextera adapter tag, sample index and

priming sequence. Note: From Eastwood, Zhou et al., 2023

Name

17 nextera

i5 nextera adapter tag, sample index and priming sequence

tag, index and priming sequence

NEXT_TSHT-1

AATGATACGGCGACCACCGAGATCTACACGACACAGTACACTCTTTCCCTACACGACGCTC

CAAGCAGAAGACGGCATACGAGATGACACAGTGTGACTGGAGTTCAGACGTGTGCTC

NEXT_TSHT-2

AATGATACGGCGACCACCGAGATCTACACGCATAACGACACTCTTTCCCTACACGACGCTC

CAAGCAGAAGACGGCATACGAGATGCATAACGGTGACTGGAGTTCAGACGTGTGCTC

NEXT_TSHT-3

AATGATACGGCGACCACCGAGATCTACACACAGAGGTACACTCTTTCCCTACACGACGCTC

CAAGCAGAAGACGGCATACGAGATACAGAGGTGTGACTGGAGTTCAGACGTGTGCTC

NEXT_TSHT-4

AATGATACGGCGACCACCGAGATCTACACCCACTAAGACACTCTTTCCCTACACGACGCTC

CAAGCAGAAGACGGCATACGAGATCCACTAAGGTGACTGGAGTTCAGACGTGTGCTC

NEXT_TSHT-5

AATGATACGGCGACCACCGAGATCTACACTGTTCCGTACACTCTTTCCCTACACGACGCTC

CAAGCAGAAGACGGCATACGAGATTGTTCCGTGTGACTGGAGTTCAGACGTGTGCTC

NEXT_TSHT-6

AATGATACGGCGACCACCGAGATCTACACGATACCTGACACTCTTTCCCTACACGACGCTC

CAAGCAGAAGACGGCATACGAGATGATACCTGGTGACTGGAGTTCAGACGTGTGCTC

NEXT_TSHT-7

AATGATACGGCGACCACCGAGATCTACACAGCCGTAAACACTCTTTCCCTACACGACGCTC

CAAGCAGAAGACGGCATACGAGATAGCCGTAAGTGACTGGAGTTCAGACGTGTGCTC

NEXT_TSHT-8

AATGATACGGCGACCACCGAGATCTACACCTCCTGAAACACTCTTTCCCTACACGACGCTC

CAAGCAGAAGACGGCATACGAGATCTCCTGAAGTGACTGGAGTTCAGACGTGTGCTC

NEXT_TSHT-9

AATGATACGGCGACCACCGAGATCTACACACGAATCCACACTCTTTCCCTACACGACGCTC

CAAGCAGAAGACGGCATACGAGATACGAATCCGTGACTGGAGTTCAGACGTGTGCTC

NEXT_TSHT-
10

AATGATACGGCGACCACCGAGATCTACACAATGGTCGACACTCTTTCCCTACACGACGCTC

CAAGCAGAAGACGGCATACGAGATAATGGTCGGTGACTGGAGTTCAGACGTGTGCTC

NEXT_TSHT-
11

AATGATACGGCGACCACCGAGATCTACACCGCTACATACACTCTTTCCCTACACGACGCTC

CAAGCAGAAGACGGCATACGAGATCGCTACATGTGACTGGAGTTCAGACGTGTGCTC

NEXT_TSHT-
12

AATGATACGGCGACCACCGAGATCTACACCCTAAGTCACACTCTTTCCCTACACGACGCTC

CAAGCAGAAGACGGCATACGAGATCCTAAGTCGTGACTGGAGTTCAGACGTGTGCTC

NEXT_TSHT-
13

AATGATACGGCGACCACCGAGATCTACACTTGCTTGGACACTCTTTCCCTACACGACGCTC

CAAGCAGAAGACGGCATACGAGATTTGCTTGGGTGACTGGAGTTCAGACGTGTGCTC

NEXT_TSHT-
14

AATGATACGGCGACCACCGAGATCTACACCCTGTCAAACACTCTTTCCCTACACGACGCTC

CAAGCAGAAGACGGCATACGAGATCCTGTCAAGTGACTGGAGTTCAGACGTGTGCTC

NEXT_TSHT-
15

AATGATACGGCGACCACCGAGATCTACACAGCCTATCACACTCTTTCCCTACACGACGCTC

CAAGCAGAAGACGGCATACGAGATAGCCTATCGTGACTGGAGTTCAGACGTGTGCTC

NEXT_TSHT-
16

AATGATACGGCGACCACCGAGATCTACACTGATCACGACACTCTTTCCCTACACGACGCTC

CAAGCAGAAGACGGCATACGAGATTGATCACGGTGACTGGAGTTCAGACGTGTGCTC

NEXT_TSHT-
17

AATGATACGGCGACCACCGAGATCTACACCCACATTGACACTCTTTCCCTACACGACGCTC

CAAGCAGAAGACGGCATACGAGATCCACATTGGTGACTGGAGTTCAGACGTGTGCTC

NEXT_TSHT-
18

AATGATACGGCGACCACCGAGATCTACACTCGAGAGTACACTCTTTCCCTACACGACGCTC

CAAGCAGAAGACGGCATACGAGATTCGAGAGTGTGACTGGAGTTCAGACGTGTGCTC

NEXT_TSHT-
19

AATGATACGGCGACCACCGAGATCTACACGGTCGTATACACTCTTTCCCTACACGACGCTC

CAAGCAGAAGACGGCATACGAGATGGTCGTATGTGACTGGAGTTCAGACGTGTGCTC

NEXT_TSHT-
20

AATGATACGGCGACCACCGAGATCTACACACAGGCATACACTCTTTCCCTACACGACGCTC

CAAGCAGAAGACGGCATACGAGATACAGGCATGTGACTGGAGTTCAGACGTGTGCTC

NEXT_TSHT-
21

AATGATACGGCGACCACCGAGATCTACACGTGATCCAACACTCTTTCCCTACACGACGCTC

CAAGCAGAAGACGGCATACGAGATGTGATCCAGTGACTGGAGTTCAGACGTGTGCTC

NEXT_TSHT-
22

AATGATACGGCGACCACCGAGATCTACACTTCGTACGACACTCTTTCCCTACACGACGCTC

CAAGCAGAAGACGGCATACGAGATTTCGTACGGTGACTGGAGTTCAGACGTGTGCTC

NEXT_TSHT-
23

AATGATACGGCGACCACCGAGATCTACACATGACAGGACACTCTTTCCCTACACGACGCTC

CAAGCAGAAGACGGCATACGAGATATGACAGGGTGACTGGAGTTCAGACGTGTGCTC

NEXT_TSHT-
24

AATGATACGGCGACCACCGAGATCTACACCGACCTAAACACTCTTTCCCTACACGACGCTC

CAAGCAGAAGACGGCATACGAGATCGACCTAAGTGACTGGAGTTCAGACGTGTGCTC

NEXT_TSHT-
25

AATGATACGGCGACCACCGAGATCTACACTATGGCACACACTCTTTCCCTACACGACGCTC

CAAGCAGAAGACGGCATACGAGATTATGGCACGTGACTGGAGTTCAGACGTGTGCTC

NEXT_TSHT-
26

AATGATACGGCGACCACCGAGATCTACACATAACGCCACACTCTTTCCCTACACGACGCTC

CAAGCAGAAGACGGCATACGAGATATAACGCCGTGACTGGAGTTCAGACGTGTGCTC

NEXT_TSHT-
27

AATGATACGGCGACCACCGAGATCTACACGTAGTACCACACTCTTTCCCTACACGACGCTC

CAAGCAGAAGACGGCATACGAGATGTAGTACCGTGACTGGAGTTCAGACGTGTGCTC

NEXT_TSHT-
28

AATGATACGGCGACCACCGAGATCTACACCGCGTATTACACTCTTTCCCTACACGACGCTC

CAAGCAGAAGACGGCATACGAGATCGCGTATTGTGACTGGAGTTCAGACGTGTGCTC

NEXT_TSHT-
29

AATGATACGGCGACCACCGAGATCTACACATCCACGAACACTCTTTCCCTACACGACGCTC

CAAGCAGAAGACGGCATACGAGATATCCACGAGTGACTGGAGTTCAGACGTGTGCTC

NEXT_TSHT-
30

AATGATACGGCGACCACCGAGATCTACACTAACGTCGACACTCTTTCCCTACACGACGCTC

CAAGCAGAAGACGGCATACGAGATTAACGTCGGTGACTGGAGTTCAGACGTGTGCTC

NEXT_TSHT-
31

AATGATACGGCGACCACCGAGATCTACACCCTTCCATACACTCTTTCCCTACACGACGCTC

CAAGCAGAAGACGGCATACGAGATCCTTCCATGTGACTGGAGTTCAGACGTGTGCTC

NEXT_TSHT-
32

AATGATACGGCGACCACCGAGATCTACACGATCAAGGACACTCTTTCCCTACACGACGCTC

CAAGCAGAAGACGGCATACGAGATGATCAAGGGTGACTGGAGTTCAGACGTGTGCTC

NEXT_TSHT-
33

AATGATACGGCGACCACCGAGATCTACACAAGCATCGACACTCTTTCCCTACACGACGCTC

CAAGCAGAAGACGGCATACGAGATAAGCATCGGTGACTGGAGTTCAGACGTGTGCTC

NEXT_TSHT-
34

AATGATACGGCGACCACCGAGATCTACACAGGATAGCACACTCTTTCCCTACACGACGCTC

CAAGCAGAAGACGGCATACGAGATAGGATAGCGTGACTGGAGTTCAGACGTGTGCTC

NEXT_TSHT-
35

AATGATACGGCGACCACCGAGATCTACACGGCTCAATACACTCTTTCCCTACACGACGCTC

CAAGCAGAAGACGGCATACGAGATGGCTCAATGTGACTGGAGTTCAGACGTGTGCTC

NEXT_TSHT-
36

AATGATACGGCGACCACCGAGATCTACACTTCACGGAACACTCTTTCCCTACACGACGCTC

CAAGCAGAAGACGGCATACGAGATTTCACGGAGTGACTGGAGTTCAGACGTGTGCTC

NEXT_TSHT-
37

AATGATACGGCGACCACCGAGATCTACACGGCGAATAACACTCTTTCCCTACACGACGCTC

CAAGCAGAAGACGGCATACGAGATGGCGAATAGTGACTGGAGTTCAGACGTGTGCTC

NEXT_TSHT-
38

AATGATACGGCGACCACCGAGATCTACACAAGTGCAGACACTCTTTCCCTACACGACGCTC

CAAGCAGAAGACGGCATACGAGATAAGTGCAGGTGACTGGAGTTCAGACGTGTGCTC

NEXT_TSHT-
39

AATGATACGGCGACCACCGAGATCTACACGCAATTCCACACTCTTTCCCTACACGACGCTC

CAAGCAGAAGACGGCATACGAGATGCAATTCCGTGACTGGAGTTCAGACGTGTGCTC

NEXT_TSHT-
40

AATGATACGGCGACCACCGAGATCTACACCTTCGCAAACACTCTTTCCCTACACGACGCTC

CAAGCAGAAGACGGCATACGAGATCTTCGCAAGTGACTGGAGTTCAGACGTGTGCTC

NEXT_TSHT-
41

AATGATACGGCGACCACCGAGATCTACACCATTGACGACACTCTTTCCCTACACGACGCTC

CAAGCAGAAGACGGCATACGAGATCATTGACGGTGACTGGAGTTCAGACGTGTGCTC

NEXT_TSHT-
42

AATGATACGGCGACCACCGAGATCTACACTCTGGACAACACTCTTTCCCTACACGACGCTC

CAAGCAGAAGACGGCATACGAGATTCTGGACAGTGACTGGAGTTCAGACGTGTGCTC

NEXT_TSHT-
43

AATGATACGGCGACCACCGAGATCTACACGCTACAACACACTCTTTCCCTACACGACGCTC

CAAGCAGAAGACGGCATACGAGATGCTACAACGTGACTGGAGTTCAGACGTGTGCTC
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NEXT_TSHT-
44

AATGATACGGCGACCACCGAGATCTACACCCGATGTAACACTCTTTCCCTACACGACGCTC

CAAGCAGAAGACGGCATACGAGATCCGATGTAGTGACTGGAGTTCAGACGTGTGCTC

NEXT_TSHT-
45

AATGATACGGCGACCACCGAGATCTACACTAGGAGCTACACTCTTTCCCTACACGACGCTC

CAAGCAGAAGACGGCATACGAGATTAGGAGCTGTGACTGGAGTTCAGACGTGTGCTC

NEXT_TSHT-
46

AATGATACGGCGACCACCGAGATCTACACAACAAGGCACACTCTTTCCCTACACGACGCTC

CAAGCAGAAGACGGCATACGAGATAACAAGGCGTGACTGGAGTTCAGACGTGTGCTC

NEXT_TSHT-
47

AATGATACGGCGACCACCGAGATCTACACCTCGGTAAACACTCTTTCCCTACACGACGCTC

CAAGCAGAAGACGGCATACGAGATCTCGGTAAGTGACTGGAGTTCAGACGTGTGCTC

NEXT_TSHT-
48

AATGATACGGCGACCACCGAGATCTACACAGCTTCAGACACTCTTTCCCTACACGACGCTC

CAAGCAGAAGACGGCATACGAGATAGCTTCAGGTGACTGGAGTTCAGACGTGTGCTC

NEXT_TSHT-
49

AATGATACGGCGACCACCGAGATCTACACTCACCTAGACACTCTTTCCCTACACGACGCTC

CAAGCAGAAGACGGCATACGAGATTCACCTAGGTGACTGGAGTTCAGACGTGTGCTC

NEXT_TSHT-
50

AATGATACGGCGACCACCGAGATCTACACCAAGTCGTACACTCTTTCCCTACACGACGCTC

CAAGCAGAAGACGGCATACGAGATCAAGTCGTGTGACTGGAGTTCAGACGTGTGCTC

NEXT_TSHT-
51

AATGATACGGCGACCACCGAGATCTACACCTGTATGCACACTCTTTCCCTACACGACGCTC

CAAGCAGAAGACGGCATACGAGATCTGTATGCGTGACTGGAGTTCAGACGTGTGCTC

NEXT_TSHT-
52

AATGATACGGCGACCACCGAGATCTACACAGTTCGCAACACTCTTTCCCTACACGACGCTC

CAAGCAGAAGACGGCATACGAGATAGTTCGCAGTGACTGGAGTTCAGACGTGTGCTC

NEXT_TSHT-
53

AATGATACGGCGACCACCGAGATCTACACATCGGAGAACACTCTTTCCCTACACGACGCTC

CAAGCAGAAGACGGCATACGAGATATCGGAGAGTGACTGGAGTTCAGACGTGTGCTC

NEXT_TSHT-
54

AATGATACGGCGACCACCGAGATCTACACAAGTCCTCACACTCTTTCCCTACACGACGCTC

CAAGCAGAAGACGGCATACGAGATAAGTCCTCGTGACTGGAGTTCAGACGTGTGCTC

NEXT_TSHT-
55

AATGATACGGCGACCACCGAGATCTACACTGGATGGTACACTCTTTCCCTACACGACGCTC

CAAGCAGAAGACGGCATACGAGATTGGATGGTGTGACTGGAGTTCAGACGTGTGCTC

NEXT_TSHT-
56

AATGATACGGCGACCACCGAGATCTACACAGGTGTTGACACTCTTTCCCTACACGACGCTC

CAAGCAGAAGACGGCATACGAGATAGGTGTTGGTGACTGGAGTTCAGACGTGTGCTC

NEXT_TSHT-
57

AATGATACGGCGACCACCGAGATCTACACGACGAACTACACTCTTTCCCTACACGACGCTC

CAAGCAGAAGACGGCATACGAGATGACGAACTGTGACTGGAGTTCAGACGTGTGCTC

NEXT_TSHT-
58

AATGATACGGCGACCACCGAGATCTACACGTTCTTCGACACTCTTTCCCTACACGACGCTC

CAAGCAGAAGACGGCATACGAGATGTTCTTCGGTGACTGGAGTTCAGACGTGTGCTC

NEXT_TSHT-
59

AATGATACGGCGACCACCGAGATCTACACTTCGCCATACACTCTTTCCCTACACGACGCTC

CAAGCAGAAGACGGCATACGAGATTTCGCCATGTGACTGGAGTTCAGACGTGTGCTC

NEXT_TSHT-
60

AATGATACGGCGACCACCGAGATCTACACCAACTCCAACACTCTTTCCCTACACGACGCTC

CAAGCAGAAGACGGCATACGAGATCAACTCCAGTGACTGGAGTTCAGACGTGTGCTC

NEXT_TSHT-
61

AATGATACGGCGACCACCGAGATCTACACAACCGTGTACACTCTTTCCCTACACGACGCTC

CAAGCAGAAGACGGCATACGAGATAACCGTGTGTGACTGGAGTTCAGACGTGTGCTC

NEXT_Tag261

AATGATACGGCGACCACCGAGATCTACACCGGTTGTTACACTCTTTCCCTACACGACGCTC

CAAGCAGAAGACGGCATACGAGATCGGTTGTTGTGACTGGAGTTCAGACGTGTGCTC

NEXT_TSHT-
63

AATGATACGGCGACCACCGAGATCTACACCTAGCAGTACACTCTTTCCCTACACGACGCTC

CAAGCAGAAGACGGCATACGAGATCTAGCAGTGTGACTGGAGTTCAGACGTGTGCTC

NEXT_TSHT-
64

AATGATACGGCGACCACCGAGATCTACACACCTCTTCACACTCTTTCCCTACACGACGCTC

CAAGCAGAAGACGGCATACGAGATACCTCTTCGTGACTGGAGTTCAGACGTGTGCTC

NEXT_TSHT-
65

AATGATACGGCGACCACCGAGATCTACACTACTAGCGACACTCTTTCCCTACACGACGCTC

CAAGCAGAAGACGGCATACGAGATTACTAGCGGTGACTGGAGTTCAGACGTGTGCTC

NEXT_TSHT-
66

AATGATACGGCGACCACCGAGATCTACACACAACAGCACACTCTTTCCCTACACGACGCTC

CAAGCAGAAGACGGCATACGAGATACAACAGCGTGACTGGAGTTCAGACGTGTGCTC

NEXT_TSHT-
67

AATGATACGGCGACCACCGAGATCTACACCGCAATGTACACTCTTTCCCTACACGACGCTC

CAAGCAGAAGACGGCATACGAGATCGCAATGTGTGACTGGAGTTCAGACGTGTGCTC

NEXT_TSHT-
68

AATGATACGGCGACCACCGAGATCTACACCAGTGCTTACACTCTTTCCCTACACGACGCTC

CAAGCAGAAGACGGCATACGAGATCAGTGCTTGTGACTGGAGTTCAGACGTGTGCTC

NEXT_TSHT-
69

AATGATACGGCGACCACCGAGATCTACACTCTAGGAGACACTCTTTCCCTACACGACGCTC

CAAGCAGAAGACGGCATACGAGATTCTAGGAGGTGACTGGAGTTCAGACGTGTGCTC

NEXT_TSHT-
70

AATGATACGGCGACCACCGAGATCTACACGATTGTCCACACTCTTTCCCTACACGACGCTC

CAAGCAGAAGACGGCATACGAGATGATTGTCCGTGACTGGAGTTCAGACGTGTGCTC

NEXT_TSHT-
71

AATGATACGGCGACCACCGAGATCTACACGGTACGAAACACTCTTTCCCTACACGACGCTC

CAAGCAGAAGACGGCATACGAGATGGTACGAAGTGACTGGAGTTCAGACGTGTGCTC

NEXT_TSHT-
72

AATGATACGGCGACCACCGAGATCTACACCTTCACTGACACTCTTTCCCTACACGACGCTC

CAAGCAGAAGACGGCATACGAGATCTTCACTGGTGACTGGAGTTCAGACGTGTGCTC

NEXT_TSHT-
73

AATGATACGGCGACCACCGAGATCTACACATAGGTCCACACTCTTTCCCTACACGACGCTC

CAAGCAGAAGACGGCATACGAGATATAGGTCCGTGACTGGAGTTCAGACGTGTGCTC

NEXT_TSHT-
74

AATGATACGGCGACCACCGAGATCTACACACCGACAAACACTCTTTCCCTACACGACGCTC

CAAGCAGAAGACGGCATACGAGATACCGACAAGTGACTGGAGTTCAGACGTGTGCTC

NEXT_TSHT-
75

AATGATACGGCGACCACCGAGATCTACACAACACTGGACACTCTTTCCCTACACGACGCTC

CAAGCAGAAGACGGCATACGAGATAACACTGGGTGACTGGAGTTCAGACGTGTGCTC

NEXT_TSHT-
76

AATGATACGGCGACCACCGAGATCTACACACCATAGGACACTCTTTCCCTACACGACGCTC

CAAGCAGAAGACGGCATACGAGATACCATAGGGTGACTGGAGTTCAGACGTGTGCTC

NEXT_TSHT-
77

AATGATACGGCGACCACCGAGATCTACACTCGATGACACACTCTTTCCCTACACGACGCTC

CAAGCAGAAGACGGCATACGAGATTCGATGACGTGACTGGAGTTCAGACGTGTGCTC

NEXT_TSHT-
78

AATGATACGGCGACCACCGAGATCTACACGACTTGTGACACTCTTTCCCTACACGACGCTC

CAAGCAGAAGACGGCATACGAGATGACTTGTGGTGACTGGAGTTCAGACGTGTGCTC

NEXT_TSHT-
79

AATGATACGGCGACCACCGAGATCTACACCCGTTATGACACTCTTTCCCTACACGACGCTC

CAAGCAGAAGACGGCATACGAGATCCGTTATGGTGACTGGAGTTCAGACGTGTGCTC

NEXT_TSHT-
80

AATGATACGGCGACCACCGAGATCTACACCAACGAGTACACTCTTTCCCTACACGACGCTC

CAAGCAGAAGACGGCATACGAGATCAACGAGTGTGACTGGAGTTCAGACGTGTGCTC

NEXT_TSHT-
81

AATGATACGGCGACCACCGAGATCTACACTTACCGACACACTCTTTCCCTACACGACGCTC

CAAGCAGAAGACGGCATACGAGATTTACCGACGTGACTGGAGTTCAGACGTGTGCTC

NEXT_TSHT-
82

AATGATACGGCGACCACCGAGATCTACACGAGAGTACACACTCTTTCCCTACACGACGCTC

CAAGCAGAAGACGGCATACGAGATGAGAGTACGTGACTGGAGTTCAGACGTGTGCTC

NEXT_TSHT-
83

AATGATACGGCGACCACCGAGATCTACACCTGTACCAACACTCTTTCCCTACACGACGCTC

CAAGCAGAAGACGGCATACGAGATCTGTACCAGTGACTGGAGTTCAGACGTGTGCTC

NEXT_TSHT-
84

AATGATACGGCGACCACCGAGATCTACACTGAGCTGTACACTCTTTCCCTACACGACGCTC

CAAGCAGAAGACGGCATACGAGATTGAGCTGTGTGACTGGAGTTCAGACGTGTGCTC

NEXT_TSHT-
85

AATGATACGGCGACCACCGAGATCTACACAGTATGCCACACTCTTTCCCTACACGACGCTC

CAAGCAGAAGACGGCATACGAGATAGTATGCCGTGACTGGAGTTCAGACGTGTGCTC

NEXT_TSHT-
86

AATGATACGGCGACCACCGAGATCTACACTACTGCTCACACTCTTTCCCTACACGACGCTC

CAAGCAGAAGACGGCATACGAGATTACTGCTCGTGACTGGAGTTCAGACGTGTGCTC

NEXT_TSHT-
87

AATGATACGGCGACCACCGAGATCTACACTGCTTGCTACACTCTTTCCCTACACGACGCTC

CAAGCAGAAGACGGCATACGAGATTGCTTGCTGTGACTGGAGTTCAGACGTGTGCTC

NEXT_TSHT-
88

AATGATACGGCGACCACCGAGATCTACACTCCACGTTACACTCTTTCCCTACACGACGCTC

CAAGCAGAAGACGGCATACGAGATTCCACGTTGTGACTGGAGTTCAGACGTGTGCTC

NEXT_TSHT-
89

AATGATACGGCGACCACCGAGATCTACACAACCAGAGACACTCTTTCCCTACACGACGCTC

CAAGCAGAAGACGGCATACGAGATAACCAGAGGTGACTGGAGTTCAGACGTGTGCTC

NEXT_TSHT-
90

AATGATACGGCGACCACCGAGATCTACACACGAACGAACACTCTTTCCCTACACGACGCTC

CAAGCAGAAGACGGCATACGAGATACGAACGAGTGACTGGAGTTCAGACGTGTGCTC

NEXT_TSHT-
91

AATGATACGGCGACCACCGAGATCTACACATAGTCGGACACTCTTTCCCTACACGACGCTC

CAAGCAGAAGACGGCATACGAGATATAGTCGGGTGACTGGAGTTCAGACGTGTGCTC
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NEXT_TSHT-
92

AATGATACGGCGACCACCGAGATCTACACCCATGAACACACTCTTTCCCTACACGACGCTC

CAAGCAGAAGACGGCATACGAGATCCATGAACGTGACTGGAGTTCAGACGTGTGCTC

NEXT_TSHT-
93

AATGATACGGCGACCACCGAGATCTACACGAGCAATCACACTCTTTCCCTACACGACGCTC

CAAGCAGAAGACGGCATACGAGATGAGCAATCGTGACTGGAGTTCAGACGTGTGCTC

NEXT_TSHT-
94

AATGATACGGCGACCACCGAGATCTACACCAACTTGGACACTCTTTCCCTACACGACGCTC

CAAGCAGAAGACGGCATACGAGATCAACTTGGGTGACTGGAGTTCAGACGTGTGCTC

NEXT_TSHT-
95

AATGATACGGCGACCACCGAGATCTACACCCACAACAACACTCTTTCCCTACACGACGCTC

CAAGCAGAAGACGGCATACGAGATCCACAACAGTGACTGGAGTTCAGACGTGTGCTC

NEXT_TSHT-
96

AATGATACGGCGACCACCGAGATCTACACTGGTGAAGACACTCTTTCCCTACACGACGCTC

CAAGCAGAAGACGGCATACGAGATTGGTGAAGGTGACTGGAGTTCAGACGTGTGCTC
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TABLE S3. Samples used for the benchmarking of the multiplex assay provided

by NatureMetrics. Sample ID, sample name, and concentration (ng/uL) are

provided.

Sample ID | Sample Name Conc ng/ gL
18645 Diatom1 9.16
12607 Grassland1 116
12608 Grassland?2 83.6
12609 Grassland3 54.8
18319 Marine Coastal1 1.3
18320 Marine Coastal? 1.21
14308 Marine Coastal3 214
11608 Marine CoastalSed1 | 11.1
11069 Marine CoastalSed2 | 44.8
11070 Marine CoastalSed3 | 18.1
11071 Marine CoastalSed4 | 15.7
17129 Marine CoastalSed5 | 6.28
17130 Marine CoastalSed6 | 5.66
17131 MarineCoastalSed7 | 4.12
6256 MarineOffshore1 47.8
6260 MarineOffshore2 58
15720 MarineOffshoreSed1 | 15.1
15723 MarineOffshoreSed2 | 17.6
8678 Peatland1 394
8681 Peatland?2 16.5
8686 Peatland3 4.84
7784 River1 40.2
7791 River2 26.2
14084 River3 20.2
12606 Woodland 83
12604 Woodland1 49.8
12605 Woodland?2 135
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FIGURE S1. Tapestation traces. PCR1 products from multiplex and single gene
markers are visualised on tapestation traces. A PCR2 trace is also shown. In
the multiplex trace multiple gene markers of similar length overlap and are
indistinguishable. Single marker gene amplifications on the PCR1 multiplex
show that all four marker genes are present in the reaction. Note different
scales on the y-axis. Multi - multiplex. The individual gene markers are: 16SV4,

18SV1V2, 18SV8V9, and rbcL.
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FIGURE S2 Principal Coordinate Analysis (PCoA) visualisation of Bray Curtis
distance among benchmarking samples obtained with single and multiplex
assays. Axes are labelled with percentage of variance explained. Single plexes
are shown with triangles, multiplexes shown with circles; colour denotes sample
type.
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FIGURE S3 Venn diagrams showing overlap of species detected with single
(blue) and multiplex (red) assays for the total number of detected features

assigned to species level (100%), the top 85% and 70% features in the dataset.
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of species of species
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165v4

111
(39.6%)

rbcL
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FIGURE S4 Rarefaction curves with resampling strategy on the benchmarking
samples provided by NatureMetrics. Single plexes are in black, multiplex data
are displayed in red and multiplex plus BSA are displayed in blue. The read
depths displayed on the x-axis are limited to a maximum value (18Sv1v2: 30000
reads; 18Sv8v9: 50000 reads; 16Sv4: 45000 reads; rbcL: 20000 reads) to

enhance the visualisation of multiplex assays which were run at a lower depth

of sequencing.
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5.1 INTRODUCTION

In the last three decades, biodiversity has declined at a pace never observed
before, driven by climate change, habitat fragmentation and chemical pollution
(Dirzo et al., 2014, Naggs, 2017 #367) The rapid and critical loss of
biodiversity, especially among invertebrates, has been called the ‘sixth mass
extinction’ (Naggs 2017). Loss of biodiversity has caused an unprecedented
loss of ecosystem services, including clean water, food provision and climate

regulation (Bonebrake et al., 2019; Ruckelshaus et al., 2020).

Freshwater lakes cover less than 1% of Earth surface; yet they are hotspots of
biodiversity, supporting up to 10% of species on Earth and providing key
ecosystem services (Durance et al., 2016; Mace, Norris, and Fitter, 2012).
These ecosystems are of high conservation value, but also among the most
threatened by environmental change globally, having experienced 83% of
biodiversity loss since 1970 (Acreman et al., 2020; WWF, 2018). Decline in
freshwater biodiversity has been growing despite actions to protect these
ecosystems e.g. with the establishment of the Aichi Targets

(https://www.cbd.int/sp/targets/). For example, climate warming combined with

anthropogenic nutrient inputs in shallow lakes has been shown to promote more
frequent algal blooms and oxygen depletion in lakes with direct impact on the
freshwater trophic chain (Foley et al., 2005). Higher vulnerability of freshwater
lakes is partly explained by their landscape position as ‘receivers’ of land-use
effluents, and their role in supporting a high number of endemic species,
leading to non-substitutability. Moreover, freshwater is a commodity for many

stakeholders, increasing the challenges to balance ecological and economic
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priorities (Dudgeon et al., 2006; Eastwood et al., 2022). Despite their socio-
economic value, freshwater lakes are also the least featured in conservation
actions (Ahmed et al., 2022). Moreover, methods used to assess impact on
these ecosystems are outdated and inadequate such as use of single species

for water quality assessment (Bardey, 2020).

Traditionally, biodiversity monitoring has been based on direct observations,
remote sensing and mark recapture techniques (e.g. Eveleigh et al., 2007;
Ropert-Coudert and Wilson, 2005). Whereas these approaches have provided
important insights into species ecology and persistence in the face of
environmental change, they have critical limitations. Cryptic diversity cannot
easily be resolved through morphological observations; life stages of the same
species with different morphology can be wrongly classified; species
assignment relies on visible remains in environmental matrices; species
assignment requires specialist taxonomic skills; and the monitoring of
biodiversity at scale is low throughput (Gillson and Marchant, 2014). Indicator
species are widely used in Europe to establish the ecological status of
freshwater lakes under the Water Framework Directive (WFD) (EU, 2000).
However, the poor status of the large majority of European lakes may suggest
that the use of indicator species to determine water quality is inadequate. The
WFD methods are too variable across ecosystems, requires taxonomic
specialist skills and fail to link species dynamics to drivers of biodiversity loss

(Birk et al., 2012).

In the last decade, DNA-based methods have become more prominent for

large-scale biodiversity monitoring (Balint, Nowak, et al., 2018), moving from
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morphological to metabarcoding methods for water quality assessments
(Zimmermann et al., 2014) adopted by regulatory agencies. Their main
advantage of these methods is the high throughput screening from any
environmental matrix without being limited to taxonomic groups with well-
preserved remains (Creer et al., 2016; Cristescu and Hebert, 2018). Moreover,
large-scale monitoring can be achieved in a fast, cost-effective and non-
invasive manner (Taberlet, Bonin, et al., 2018a). DNA-based methods do not
require specialist skills and can resolve cryptic genetic diversity by matching
sequence similarity to records in public databases (e.g., NCBI and SILVA).
These approaches have been used to estimate human impact on biodiversity
(Hofman et al., 2015), the severity of alien species invasion (Ruppert, Kline, and
Md Rahman, 2019) and more generally species richness and distribution at
landscape level (Garlapati et al., 2019). More recently, they have been applied
to discover long-term patterns of biodiversity change (Eastwood, Zhou et al.,

2023).

As eDNA-based approaches move from single-marker to multi-marker
approaches (Bohmann et al., 2022; Eastwood et al., 2024), eDNA can become
the method of choice to study biodiversity dynamics across space, time and
environmental gradients without the need of specialist taxonomic skills and
evident organism’s remains (Eastwood et al., 2022; Eastwood, Zhou et al.,
2023; Fordham et al., 2020). Although technical challenges associated with
eDNA degradation and analytical limitations associated with incomplete
reference databases exist, multiple markers eDNA metabarcoding can

significantly improve our ability to explore ecosystem-level processes and
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community response to environmental change (Balint, Pfenninger, et al., 2018;

Eastwood et al., 2024; Blackman et al., 2022).

Here, we apply a recently developed metabarcoding multiplex approach
(Eastwood et al., 2024) to quantify community-level biodiversity in 52 freshwater
lakes included in the Water Framework Directive (WFD) monitoring program in
England. These lakes range from high to bad quality according to the WFD
ecological status classification (EU 2000). In this study, we aim to assess
freshwater lake community biodiversity at national scale (England) using
environmental DNA and to investigate the comparability of the community
detected using different sample types (water or biofilm). We aim to understand
whether differences in community composition across lakes can be explained
by the geographic region of the lake. Finally, we aim to identify whether
regulatory lake quality classifications explain differences in whole-community

composition across lakes as captured with eDNA.

Our work reveals current limitations in monitoring frameworks and that holistic
data-driven approaches may be better suited to explain dynamics of lake

freshwater biodiversity across impacted landscapes.

5.2 MATERIALS AND METHODS

5.2.1 Study system
A total of 52 lake sites across the UK were included in this study (Fig. 1; Table

S1) Water samples were collected from 40 of these sites and biofilm samples
were collected from 42 sites. Hence, both water and biofilm samples were
collected from 30 lakes, allowing a comparative analysis of benthic and pelagic

communities in these lakes. These lakes range from lowland lakes to higher
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altitude lakes. By sampling both benthic and pelagic communities, we were able

to make a comprehensive assessment of biodiversity in freshwater lakes.

NORTHERN
IRELAND 3

@

“%Q @ oF

ENGLAND

QQQ@QQ

Figure 1 Map of lake sites across England in the study. Marker colour indicates
sample type(s) at the site: blue — water samples, purple — biofilm samples,

orange — both water and biofilm samples.

The water samples were collected following the UKTAG Environmental
Standards for environmental samples (Wilby et al., 2019) between March 2017-

November 2019 (supplementary table 1). In brief, samples were collected from
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20 shallow locations (>50 cm) around each lake perimeter at 5m intervals away
from inflow hotspots. Typically, two litres of water were collected from each site
and filtered on a 0.8um filter within 24 h from collection. A field blank sample of
sterile water was collected at each site. Environmental DNA (eDNA) was
extracted from the filters using the Power Water DNA isolation kit (MoBio) by
the Environment Agency (England) as part of their routine monitoring for lakes

in the Water Framework Directive monitoring programme.

Biofilm samples were collected following standard Environment Agency
sampling techniques for benthic organisms in September- November 2014 and
September- November 2016 (supplementary table 1). This involves placing 5
cobbles in a tray with about 50 ml of nearshore water and then brushing the
upper surface of each cobble with a toothbrush to remove the biofilm following
Kelly et al., (2018). After collection, the samples were transferred to the
laboratory where a suspension of biofilm and water was transferred to a sterile
15ml centrifuge tube containing 5ml nucleic acid preservative (3.5 M ammonium
sulfate, 17 mM sodium citrate and 13 mM EDTA) and stored frozen (-20°C).
DNA was extracted at the University of Birmingham using DNeasy power biofilm

kit (Qiagen), following the manufacturer's instructions.

5.2.2Biodiversity fingerprinting

We recently developed a 2-PCR protocol that multiplexes four loci in PCR 1 and
up to 384 samples per barcode (N=1,536 samples) in a single sequencing run
(described in chapter 3 of this thesis; Eastwood et al., 2024). The

metabarcoding loci used in the multiplex were: two regions targeting eukaryotes
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broadly [(18SV1V2) (Hadziavdic et al., 2014) and (18SV8V9)(Bradley, Pinto,
and Guest 2016)], and prokaryotes (16SV4) (Caporaso et al., 2011b), plus a
taxon-specific marker targeting diatoms (rbcL)(Kelly et al., 2018)
(supplementary table 2). Each biological sample (water or biofilm sample) was
run in duplicate and handled as an independent sample. A selection of field
blank samples were amplified and showed amplification when tested on
agarose gels (not shown) so all field water blank samples were pooled to create
a single ‘field blank pool’ as running each field blank independently would
exceed budget. There was no equivalent field blank samples collected for the
biofilm samples. A library construction blank (consisting of ultrapure water
instead of template DNA) was created for the biofilm library construction and the
water library construction. Each independent sample was amplified in triplicate
in PCR1 using Multiplex PCR Mastermix (Qiagen). After removing excess
primers with High Prep PCR magnetic beads (Auto Q Biosciences), cleaned
PCR1 products were pooled in a second PCR in using unique dual-indexed
sequencing adapters. Unique dual barcodes (indices) were used to reduce
index-misassignment and index-hopping between samples (MacConaill et al.,
2018). PCR2 amplicons were purified using High Prep PCR magnetic beads
(Auto Q Biosciences) and quantitated using a 200 pro plate reader (TECAN)
using qubit dsDNA HS solution (Invitrogen). PCR conditions and quantities are
not disclosed here to protect comerically sensitive information. A standard curve
was created by running standards of known concentration on each plate against
which sample concentration was determined. PCR2 libraries were mixed in

equimolar quantities (at a final concentration of 12 pmol) using a biomek FXp
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liquid handling robot (Beckman Coulter). The final molarity of the pools was
confirmed using a HS D1000 tapestation screentape (Agilent) prior to 250 bp
paired-end sequencing on an DNBSeq G400 following the conversion of linear
dsDNAinto circularized libraries compatible for the DNBSeq platform using the

MGIEasy Universal Library Conversion Kit.

5.2.3Lake psycho-chemical descriptors

The Environment Agency classifies lakes under the Water Framework Directive
from high to bad under a hierarchical scheme — overall status consists of
ecological and chemical status, which are in turn comprised of several elements
(ecological: biological quality elements, hydromorphic elements,
physicochemical quality elements and specific pollutants; chemical s priority
substances, priority hazardous substances and other pollutants) (UK Technical
Advisory Group on the Water Framework Directive, 2007). Overall ecological

scores were taken from WFD cycle 2 (years 2015-2019).

5.2.4Bioinformatics

The sequenced reads were demultiplexed using cutadapt v4.1 (Martin, 2023),
and analyzed with QIIMEZ2 v2022.8 (Bolyen et al., 2019). Trimming, filtering,
merging and denoising of reads was done using the QIIME2 DADAZ2 module
(Callahan et al., 2016) with default parameters and trimming and truncation
lengths as in Table 1. Taxonomy assignment was done with the QIIME2
feature-classifier module with naive-bayes taxonomic classifiers trained on the
SILVA v138 database for the assignment of the 16S and 18S reads (Yilmaz et

al., 2014); and the diat.barcode v9.2 for the rbcL reads (Rimet et al., 2019). The
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taxonomic barplots were plotted per barcode per sample type using ggplot2
v3.3.5 (Caporaso et al., 2011b) in R v4.0.2 (R Core Team, 2020) and including

the top ten most abundant families (or lowest taxonomic level if not assigned to

family). All other taxa were collapsed in the plots under ‘other taxa’.

Barcode Front trimmed Front trimmed Truncated Truncated
forward reverse length forward length reverse

16SV4 0 21 219 231

18SV1 0 20 224 238

18SV8 11 22 210 228

rbclL 2 28 223 230

Table 1 Trimming and truncation length parameters used in DADAZ2 analysis.

Initial comparisons of sample type was carried out on the cleaned reads in a
combined dataset of water and biofilm samples, rarefied at an the same depth
in both samples types per barcode, to the sample with the lowest read depth or
1000 reads, or whichever was higher: 16SV1 — 1000; 18SV1 — 14029, 18SV8 —
17201, rbcL — 1000. Visual inspection of comparability was carried out using a
PCoA plot of beta diversity, as measured with weighted unifrac distance,
calculated with giime and plotted in ggplot v3.4.0 (Wickham, 2016) in R v4.0.2

(R Core Team, 2020).

Further analysis was carried out on the cleaned reads separated into water or
biofilm sample types and rarefied to the sample with the lowest read depth or
1000 reads, whichever was higher, before downstream analyses. Rarefaction
depths were as follows: Water samples: 16SV1 — 1000, 18SV1 - 18131, 18SV8
— 17201, rbcL — 1000; Biofilm samples: 16SV4 — 1000, 18SV1 — 14029, 18SV8
— 21734, rbcL — 1526. Diversity indices were measured separately on the water

and biofilm samples. Alpha diversity was measured as Shannon diversity,
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supported by a Kruskal-Wallis statics test (Kruskal and Wallis 1952). Beta
diversity was measured as weighted unifrac distance and significant differences
between lakes and categories were assessed with a PERMANOVA test (999
permutations) using giime diversity adonis and the formula Ecological quality *

Region.

53 RESULTS
5.3.1Biodiversity fingerprinting

Six biofilm samples failed denoising in every barcode (Site 2, sample B; Site 11,
sample B; Site 29, sample B; Site 40, sample B; Site 49, sample B; Site 50,

sample B), no water samples failed denoising. Results of denoising are shown

in table 2.
Biofilm samples Water Samples
Barcode | Total Median Number | Total Median number | Number
number number of of ASVs | number of | of reads per of ASVs
of reads reads per reads sample
sample
16SV4 455,691 2,450 8,683 2,775,364 | 17,736 7,014
18SV1 4,670,782 | 57,614 7,138 4,132,951 | 46,891 5,458
18SV8 5,780,412 | 70,847 15,206 3,699,070 | 38,498 11,232
rbcL 3,543,100 | 33,186 2,127 2,153,295 | 20,429 1,447

Table 2. Denoising output statistics from giime DADAZ2 (total number of reads
across all samples, median number of reads per sample and number of unique
ASVs across all samples) per barcode for biofilm samples (n = 85) and water

samples (n = 83).

Samples were separated strongly by sample type (biofilm or water; figure 2) in
the 18SV1 and 18Sv8 barcodes and to a lesser extent in the 16SV4, with no
clear grouping effect of ecological quality score (supplementary figure 1), as
assessed with weighted unifrac distance. Therefore, samples were separated

by sample type for downstream analysis.
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Figure 2 PCoA plots of weighted unifrac distance of all samples for each

barcode. Axes are labelled with percentage of variance explained. Using equal

rarefaction depth for both biofilm and water samples, per barcode: 16SV1 —

1000; 18SV1 — 14029, 18SV8 — 17201, rbcL — 1000. Biofilm sample types are

circles, water samples are diamonds, coloured by WFD ecological quality score

(high — blue, good - green, moderate — orange, poor - brown, bad — red, water

field blank sample pool — grey diamond).

Alpha diversity as Shannon diversity and measured with pairwise kruskal wallis

did not significantly differ across region in either water or biofilm samples and

did not significantly differ by ecological quality in biofilm samples. There was a
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significant difference (adjusted p value <0.05) in water samples for amplicon
18SV1 between Good and Poor ecological quality lakes (adjusted p value =
0.017) and between Moderate and Poor ecological quality lakes (adjusted p
value = 0.004). There was also a significant difference (adjusted p value <0.05)
in water samples for amplicon 18SV8 between Good and Poor ecological
quality lakes (adjusted p value = 0.044) and between Moderate and Poor

ecological quality lakes (adjusted p value = 0.017).

Beta diversity as weighted unifrac distance did not significantly differ (p<0.05)
across regions or ecological quality categories, nor was there a significant
interaction of region and ecological quality in biofilm samples for barcodes
16SV4, 18SV1 or 18SV8 (table 3), whereas these factors were all significant for
the equivalent tests in the water samples. Ecological quality was significantly
different across ecological quality categories in rbcL biofilm samples. Water
samples for the barcode rbcL were significantly different across region and
ecological quality categories, but the interaction of these two factors was not

significant (table 3).

Barcode Factor Biofilm samples Water samples
R? P value | R? P value

16SV4 Ecological quality 0.0718 0.233 0.1809 0.001
Region 0.0705 0.786 0.2429 0.001
Ecological 0.0772 0.621 0.1121 0.001
quality:Region

18SV1 Ecological quality 0.0671 0.096 0.1869 0.001
Region 0.0850 0.233 0.1574 0.001
Ecological 0.0903 0.158 0.1012 0.002
quality:Region

18SV8 Ecological quality 0.0648 0.126 0.1488 0.002
Region 0.0802 0.37 0.1476 0.001
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quality:Region

Ecological 0.0744 0.5 0.0831 0.011
quality:Region

rbcL Ecological quality 0.1324 0.044 0.1396 0.031
Region 0.1100 0.131 0.1945 0.01
Ecological 0.0639 0.363 0.0634 0.165

Table 3: Permutational analysis of variance (PERMANOVA) on weighted

unifrac distances between biofilm samples per barcode and between water

samples per barcode, 999 permutations. Test carried out using giime diversity

adonis and formula Ecological quality*Region. Significant (<0.05) p values

indicated in bold.

There was limited overlap in the most abundant taxonomic groupings between

the biofilm and water sample types (figure 3) with up to four groups of the ten
most abundant shared between sample types: 18SV1 - Diplostroca and
Chlorophyacae; 18SV8 — Oligohymenophorea; 16SV4 - Sporichthyaceae,

Comamonadaceae; rbcL - Aulacoseiraceae, Bacillariaceae, Tabellariaceae,

Fragilariaceae.
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Figure 3 Taxonomic bar plots of the top ten most abundant families (or lowest
assigned taxonomic group) across the four barcodes (18SV1, 18SV8, 16SV4
and rbcl) in each sample type (biofilm or water), for each ecological quality
score. Note that there are no biofilm samples from ‘High’ quality sites and there

are no water samples from ‘Bad’ quality sites.

5.4 DISCUSSION

Despite large scale, high effort and high cost monitoring and remediation
programmes worldwide, freshwater lakes globally are of poor quality. In the
USA, 55% of lakes are too polluted for swimming, fishing or drinking
(Kelderman et al., 2022) and about 60% of freshwater ecosystems in Europe do

not meet a ‘good ecological status’ (Kristiansen et al., 2018)

Water framework directive ecological scores use the ‘one out, all out’ principle,
which means that if a water body fails on any one metric, then it will fail for the
whole category (UK Technical Advisory Group on the Water Framework
Directive, 2007). This ensures that serious lapses in contaminants are
highlighted, however it removes the room for nuance in the individual water
body and may mask community level biological differences. In this study, the
ecological overall quality score was used to group lakes and assess whether
community composition was reflected in the quality score. However, the
ecological score does not account for components within the overall chemical
classification (UK Technical Advisory Group on the Water Framework Directive,
2007). Due to the ‘one out, all out’ principle, all water bodies in England have

failed to achieve ‘good’ status in the chemical score (Environment Agency and
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Natural England, 2023), therefore the chemical score did not vary across lakes
and would not have given any explanatory power in this analysis. Furthermore,
none of the lakes in this study achieved a ‘good’ or ‘high’ overall score, which

reduced the explanatory power of the overall score so it was not utilised in this

study.

The ecological quality of the water sampled lakes explained a significant (p
value > 0.05), but small, proportion of beta diversity community variance across
quality score types (R?less than 0.2, table 3), indicating that other factors are
explaining a large proportion of the variance observed. This suggests that the
WEFD ecological quality score is not capturing variation in the overall community
composition. There is evidence that the assessment methods used in the
calculation of the ecological quality score are more sensitive to some pressures
(e.g. eutrophication, organic pollution) over others pressures (eg
hydromorphological degradation, priority substance pollution) or the
combination of pressures (Arle, Mohaupt, Kirst, 2016; Poik ane, et al., 2020).
This may be because the biological quality elements of the WFD ecological
quality is calculated using bioindicator species or groups of species, rather than
a whole-community approach. Individual species may be a poor representative
of ecosystem-level changes and the link between species dynamics and drivers
of biodiversity loss are therefore not being fully captured in monitoring efforts

(Birk, 2012).

Geographic region of the lake also explains a significant (p value < 0.05)

proportion of beta diversity community variance in water samples. This can be
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due to variation in lake geology across regions and also explained by founder

effects and colonisation history (Orsini, Vanoverbeke, et al., 2013).

The remaining unexplained variance may be captured by elements measured in
the chemical score of the WFD framework, however it is unlikely that the binary
pass/fail approach of chemical classification would further separate lakes. More
granular measures, including data not measured in the WFD, may explain the
variation seen in community composition. For example, it has been shown in
chapter 2 of this thesis that biocide usage can explain variation in lake
community composition. Ideally, future work would utilise direct measurements
of biocides in the waterbody. However, this is typically conducted using mass
spectrometry which is expensive at large scales. Furthermore, non-targeted
screening is challenging to analyse, whereas targeted screening limits the
range of compounds which can be detected and may not identify biocide
transformation products (Hollender et al., 2023). Therefore, direct
measurements can be supplemented with biocide usage data, such as that
collected by FERA in the pesticide usage survey or qualitative data of land use

variation across England.

There are large changes in community composition across regions in water
samples (table 3; figure S1) which preclude the differential abundance testing
with ANCOM (suggested maximum 25% composition change between groups
(Mandal et al., 2015)). However, it is likely that the change in overall
composition of the community, rather than a focus on a few individual taxa, is
better able to capture the biological response to changing environmental

conditions (Eastwood et al., 2023).
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5.4.1 Study Limitations

There was a clear difference between biofilm and water sample types, with
differing taxonomic groupings recovered in each sample type. This is likely due
to differences in benthic and pelagic communities, for example the most
common taxonomic groups in the eukaryotic biofilm community (as measured in
the 18SV1 and 18SV8) are worms and diatoms, whereas in water, zooplankton
groups such as copopods and aquatic ciliates dominate (figure 3). The biofilm
collection method is optimised to sample diatom communities (Bennion et al.,
2012). The difference in community composition captured by biofilm and water
sample types may also be influenced by the difference in both sampling season
and sampling year. The differing sample types were collected in separate
sampling campaigns, so seasonal fluctuations in the natural community
composition could alter the observed community, however this cannot be

conclusively shown in this study due to lack of contemporaneous samples.

A further limitation of this study is the background levels of amplification in the
water field blank samples. The individual field blank samples were shown to
contain template DNA, and the pooled field blank sample (as described in the
methods section) was comparable in read depth and composition to biological
samples, as shown by lack of separation in the PCOA (figure 2; grey diamond).
Standard methods for contamination control, such as removal of ASVs found in
blanks from all biological samples, were not suitable in this study due to the
high degree of overlap with biological samples which would’ve resulted in a

strong bias of remaining ASVs.
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5.5 SUPPLEMENTARY INFORMATION

Lake biofilm date water date Region Overall score Ecological Quality Score
name

01 30/11/2016 not sampled Anglian Moderate Moderate
02 20/11/2014 05/12/2018 North West Moderate Moderate
03 not sampled | 10/01/2019 North West Moderate Good

04 09/09/2016 16/01/2019 North West Moderate Good

05 05/09/2016 23/01/2019 North West Moderate Moderate
06 09/09/2016 09/01/2019 North West Moderate Moderate
07 24/10/2016 06/12/2018 North West Moderate Moderate
08 06/09/2016 19/12/2018 North West Moderate Good

09 29/09/2016 13/12/2018 North West Moderate Good

10 08/09/2016 05/12/2018 North West Moderate Moderate
11 07/09/2016 06/12/2018 North West Moderate Moderate
12 02/09/2016 12/12/2018 North West Moderate Moderate
13 23/09/2016 not sampled North West Moderate Good

14 26/10/2016 09/01/2019 North West Moderate Moderate
15 30/09/2016 19/12/2018 North West Moderate Moderate
16 01/09/2016 10/01/2019 North West Moderate Moderate
17 06/10/2016 29/11/2018 North West Moderate Good

18 08/09/2016 not sampled North West Moderate Moderate
19 08/09/2016 not sampled North West Moderate Moderate
20 not sampled | 12/12/2018 North West moderate moderate
21 not sampled | 29/11/2019 North West Moderate High

22 not sampled | 13/12/2018 North West Moderate Moderate
23 not sampled | 20/03/2019 Midlands Poor Poor

24 19/10/2016 not sampled South West Moderate Moderate
25 08/09/2016 29/03/2019 South West Moderate Moderate
26 23/09/2016 03/04/2019 South West Moderate Moderate
27 07/09/2016 28/03/2019 South West Poor Poor

28 28/10/2014 07/03/2019 Anglian Moderate Good

29 30/10/2014 not sampled Anglian Moderate Moderate
30 06/09/2016 not sampled North West Bad Bad

31 20/09/2016 22/03/2019 North West Poor Poor

32 not sampled | 21/03/2019 North West Moderate Moderate
33 14/11/2014 not sampled Southern Poor Poor

34 not sampled | 27/03/2019 Southern Moderate Moderate
35 06/10/2016 12/03/2019 North East Moderate Good

36 06/10/2016 15/06/2019 North East Moderate Moderate
37 06/10/2016 14/03/2019 North East Moderate Moderate
38 26/09/2016 13/03/2019 North East Moderate Good

39 not sampled | 21/02/2019 Midlands Moderate Moderate
40 07/09/2016 22/02/2019 Midlands Poor Poor

41 not sampled | 18/02/2019 Midlands Moderate Moderate
42 21/09/2016 not sampled Southern Moderate Moderate
43 09/09/2016 not sampled Southern Poor Poor

44 07/09/2016 not sampled South West Poor Poor

45 18/10/2016 02/04/2019 South West Moderate Moderate
46 07/10/2016 25/03/2019 Thames Poor Poor

47 27/09/2016 not sampled Thames Bad Bad

48 29/09/2016 not sampled Thames Poor Poor

49 30/09/2014 26/02/2019 North East Poor Poor
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50 15/09/2014 06/03/2019 North East Moderate Good
51 09/09/2016 not sampled North East Moderate Moderate
52 not sampled | 28/02/2019 North East Moderate Moderate

Supplementary table 1 — Lakes sampled in the study, the date sample was

collected for either water and/or biofilm sample, the geographical region of the

lake, the 2019 water framework directive overall quality score and 2019 water

framework directive ecological quality score. Lakes are anonymised to preserve

confidentiality and protect sensitive sites.
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Primer

se

Ngllaer:](:r Refe;renc directi Sequence (5'-3'): adapter tag|universal overhang|primer
on
Forwar | ACACTCTTTCCCTACACGACGCTCTTCCGATCT/INNNNN|GCTTGTCTCAAA
Hadziav | d GATTAAGCC
18SV1 dic et al
V2 2014 | Rever GTGACTGGAGTTCAGACGTGTGCTCTTCCGATCT|GCCTGCTGCCTTCCTT
se GGA
Bradley, | Forwar | ACACTCTTTCCCTACACGACGCTCTTCCGATCTINNNNN|ATAACAGGTCTG
Pinto, d TGATGCCCT
185V8 and
Vo Guest, Rever | GTGACTGGAGTTCAGACGTGTGCTCTTCCGATCT|CCTTCYGCAGGTTCAC
2016 se CTAC
Forwar | ACACTCTTTCCCTACACGACGCTCTTCCGATCT|NNNNN|GTGCCAGCMGC
Caporas | d CGCGGTAA
16SV4 oetal,
2011a Rever | GTGACTGGAGTTCAGACGTGTGCTCTTCCGATCT|GGACTACHVGGGTW
se CTAAT
Forwar | ACACTCTTTCCCTACACGACGCTCTTCCGATCTINNNNN|ATGCGTTGGAGA
d GARCGTTTC
rbel. Kelly et
al, 2018 | Rever | GTGACTGGAGTTCAGACGTGTGCTCTTCCGATCT|GATCACCTTCTAATTTA

CCWACAACTG

Supplementary table 2 - PCR1 primers, bibliographic references and

sequences. Marker gene sequence in black, universal overhang in blue and

adapter tag for PCR2 primer in green. Note: “|” differentiates parts of the

sequence for clarity but does not indicate a separation in the nucleotide

molecule.
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Supplementary Figure 1 PCoA plots of weighted unifrac distance per sample
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type for each barcode. Axes are labelled with percentage of variance explained.
Using equal rarefaction depth for both biofilm and water samples, per barcode:
16SV1 - 1000; 18SV1 — 14029, 18SV8 — 17201, rbcL — 1000. Points are
coloured by WFD ecological quality score (high — blue, good - green, moderate

— orange, poor - brown, bad — red).
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Supplementary Figure 2 - Taxonomic bar plots of the top ten most abundant

families (or lowest assigned taxonomic group) across the four barcodes

(18SV1, 18SV8, 16SV4 and rbcl) in each sample type (biofilm or water), per

region.
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Chapter 6: piscussion

Environmental change, due to human-driven climate change, chemical pollution
and land use, is one of the largest challenges facing humanity and our planet
(Sylvester et al., 2023). Loss of ecosystem functions and services would have
far reaching consequences for society and it is therefore vital that we develop a
complete picture of the state of the communities which deliver these functions

and services, and the priority impacts upon these communities.

However, existing methods do not encompass community level response, are
low throughput and biased towards a select group of taxa, all of which can
result in incomplete understanding of the impacts of environmental change (de
Olde et al., 2017). Large proportions of the community (especially prokaryotes)
have historically been excluded from regulatory surveillance due to difficulties in
identifying microscopic organisms. However, microbes provide a wide range of
key ecosystem functions and due to advances in sequencing techniques and
eDNA approaches, can be better integrated into environmental assessment in a

high throughput and non-invasive manner (Robinson et al., 2023).

Whole community assessment is challenging, with environmental DNA methods
still facing questions over biased species recovery, false positive/negatives, the

accuracy of quantitative analysis and universal primer selection, although there

are steps forwards in technical considerations such as the fate and state of

eDNA in the environment (Bista et al., 2017)




For implementation in many regulatory and conservation settings, accurate
taxonomic identification to species level is essential to adhere to existing policy
and regulation. The monitoring of invasive and non-native species (INNS) and
protected species relies upon specie levels, or sub-species level, identification
which may not be possible with non-taxa specific (or ‘universal’) primers, such
as those used in whole community metabarcoding. Furthermore, many species
are absent from taxonomy assignment databases, leading to high level (e.g.

order or family) being the most specific possible taxonomy assigned.

However, new initiatives, such as the Darwin Tree of Life project and UK
barcode of life (UKBOL) should improve coverage of many species in such
databases (The Darwin Tree of Life Project Consortium, 2022; Price et al.,
2022). Although these regional initiatives are part of global projects, there is still
a disparity in species coverage across different countries due to resource
availability, leading to a bias towards the coverage of biodiversity which inhabits
wealthier nations (Gaytan et al., 2020). Global environmental change
disproportionately affects less wealthy nations (Levy and Patz, 2015), therefore
the countries which would most benefit from a holistic and low cost survey of
their biodiversity are the ones also least likely to be able to implement eDNA

methods without further cost reductions and logistical improvements.

These cataloguing and sequencing efforts can also contribute to improving the
link between specific taxa and their ecosystem function. Knowledge of the
ecosystem functions delivered by certain taxa is still mostly restricted to limited
taxonomic groups or narrow functions (e.g. macroinvertebrates (Cao et al.,

2018); feeding guilds (Thompson et al., 2020)), with high throughput methods
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mostly only possible for well characterised microbes (Banerjee et al., 2018).
Therefore, there are still open questions around the direct links between
community composition changes and widespread ecosystem function delivery
changes, often due to limited data availability. A potential source for such data
is bulk stoichiometry of sediments cores, which can be complementary to
community analysis using sedimentary eDNA. Biogeochemical functions
measured as the accumulation rate of total organic, nitrogen and phosphorus
can elucidate long-term dynamics in productivity as influenced by nutrient
availability and the relationships of stoichiometric ratios, productivity, and

biological attributes.

Environmental DNA methods for biodiversity monitoring can provide information
of presence absence and increasingly on abundance data of organisms
(Skelton, Cauvin and Hunter, 2022). However, other key measures for
conservation or ecological understanding such as body quality or species
interactions are not measurable with eDNA (Ruppert, Kiline and Rahman,
2019). Other information, whilst not directly measured, can be inferred such as
behaviour (e.g. migration can be tracked through eDNA deposition (Maruyama
et al., 2018)) or sex ratios (theoretically possible using eDNA gPCR), although
these are not typical or routine uses of eDNA due to difficulties in data

interpretation and their population-specific nature.

Multi-marker metabarcoding can go some way to improve whole community
coverage by including some taxa specific markers (e.g. rbcL for diatoms, ITS for
fungi) to provide more detailed information on taxa of particular interest.

However, as shown in chapter 4 of this thesis, there is still a disparity in
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detection of rare species (chapter 4 Figure 3; Supplementary figure 3). The
relevance of these species is highly context dependent, for example rare
species may have functionally distinct traits and disproportionately contribute to
some, but not all, ecosystem services (Dee et al., 2019). The reduced cost of
multimarker metabarcoding can balance this out by enabling a greater
sequencing depth at an equivalent cost and detect these rarer species using
metabarcoding approaches. Alternatively, gqPCR methods which are more
targeted than metabarcoding can be used for focussed rare species detection

(Deiner, et al., 2017).

Longitudinal analysis of the community level response using eDNA can capture
whole community responses to environmental change (chapters 2,3 of this
thesis). However, both technological and conceptual limitations remain in the
use of historical eDNA. Primarily, questions over the provenance and
taphonomy of eDNA cause uncertainty in the interpretation of historical
community analysis (Giguet-Covex et al., 2019). Ancient sedimentary DNA has
been successfully recovered from sediments up to five thousand years old
(Giguet-Covex et al., 2014) and long term degradation leaves measurable
changes in the DNA molecule, such as cytosine deamination, which can be
measured to assure the ancient provenance of the molecule (Krause et al.,
2010), excluding modern-day contamination. However, the time scales covered
in this thesis (up to 100 years) are too short for these molecular changes to
sufficiently accumulate for analysis. Instead, a combination of robust extraction
protocols (e.g. use of clean rooms, single use tools or nucleotide degrading

cleaning chemicals) and multiple control or blank samples can be used to
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minimise contamination (Bohmann et al., 2021; Epp et al., 2019). Data analysis
steps can additionally be used to identify and remove contaminants such as
known frequent contamination sequences, or sequences found in negative
controls (Deiner et al., 2017). These steps can minimise and identify
contaminating DNA sequences, but do not in themselves assure the historical
source of the DNA. Sediment characteristics such as mineral composition,
surface charge and pH can impact the persistence and mobility of DNA (Sand,
Jelavic and Prohaska, 2024). No sediment characterisation was performed on
the samples used in this thesis, so the effect of these biogeochemical
processes is unknown. However, ecological metrics were instead used to
understand the changes in community characteristics which could indicate
either a bias in DNA recovery due to degradation or ‘smearing’ of the DNA
within the core. This did not appear to be the case in this study (Chapter 3;

Supplementary figure 1).

Understanding biodiversity change in the context of wider environmental
changes is often limited by the availability of environmental records. Some
parameters (such as bulk stoichiometry, above; chemical residues, as in
chapter 3; seeds or fossilised remains (Nogués-Bravo et al., 2018)) can be
directly measured from sediment cores alongside the biological fingerprint of
eDNA. However, this can lead to bias due to differences in degradation rates
across different types of chemical, or the persistence of relatively few species
remains. Furthermore, some types of data are difficult or impossible to recover
from sediment cores, especially at fine temporal scales, such as yearly climatic

changes or land use variation. Instead, data from weather monitoring stations,
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chemical sales records or historical maps can be used, which may not reflect
site specific events, may be sparse in space or time, biased (e.g. only record

subgroups of chemicals or specific uses) or only cover short time periods.

To complement longitudinal studies of community response, spatial studies
(such as in chapter 5) can examine gradients of pressure and combinations of
multiple stressors in a way which may not be feasible with historical samples
due to lack of supporting data. Contemporary surveys also may provide better
coverage of changes in community response to novel pressures which are
spatially heterogenous, enabling better decision making from environmental

practitioners.

With current standard methods it is labour-intensive, costly and analytically
challenging to survey biological responses to spatial and temporal variation in
pressure and the resultant variation ecosystem function and ecosystem service
delivery. However, surveys across pressure gradients (whether throughout time
or space) and realistic combinations of pressures are key for understanding
ecosystem resilience. The advances in eDNA approaches presented in this
thesis go some way to addressing the challenges associated with this large

scale data collection and interpretation.

Data driven approaches have the potential to make use of large datasets, such
as those generated in whole community eDNA surveys, and detect correlations
in previously under-studied taxa or environmental stressors. However, these
correlations do not prove causation. Instead, they can be used to generate
hypotheses which can be tested, for example in mesocosm studies, to establish

causation. This level of proof is typically required for stringent regulation (e.g.
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chemical product bans) however they are costly and time consuming. By
establishing repeated correlations across sites or time, regulators can have
improved confidence that such stressors should be targets of further study or
restrictions and therefore better protect our environment and the biodiversity
within it.

This thesis establishes the framework for long term biodiversity monitoring
using eDNA (chapter 2) and demonstrates its use at a single site (chapter 3),
building upon previous work which focussed on a more limited taxonomic scope
(e.g. Capo et al., 2021). A cheaper, whole community assay is developed
(chapter 4) which enables the high-throughput of biodiversity across space

(chapter 5).

The future direction of this work is to combine the temporal understanding
gained through the use of sediment cores with the landscape-level processes
investigated at a national scale to gain an understanding of the spatiotemporal
variation in freshwater communities to environmental change. By using lake
sites across a wide geographic area (e.g. national scale), subject to differing
combinations and intensities of historical pressures such as land use,
agricultural chemical pollution, industrial air pollution and climate change,
patterns in response to environmental pressures can be thoroughly
investigated. This wealth of data can be used as the basis for an emulator to

predict responses of biodiversity to future environmental changes (chapter 2).

A first step is to identify suitable sites which have been subject to a range in
both type of environmental pressures and intensity of these pressures. As

environmental stress can have a non-linear impact on biodiversity (Birk et al.,
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2020), sampling lakes which have experienced combinations of pressures is
key to disentangling the effect of multiple stressors. Reference sites are also
ideal to better compare the effect of environmental change upon community
dynamics versus natural stochastic changes. However, there are few high-
quality sites in Europe which could be used as references (Kristensen, Whalley,
and Zal, 2018). Instead, lowland sites in conservation areas can be used which

are likely to have lower than typical pollution.

In addition to biodiversity assessment, samples from such lakes can be used for
historical environmental assessment. Through the combination of targeted
mass-spectrometry (as used for DDT analysis in chapter 3 of this thesis) and
non-targeted mass-spectrometry, a detailed understanding of site-specific
pollution can be gained. Bulk sediment stoichiometry can complement this
analysis to provide information on ecosystem functioning (such as lake

productivity; Tipping et al., 2016).

Whilst a nuanced understanding of long-term changes in biodiversity associated
with environmental changes is a valuable source of data, its can best be used to
improve the future state of the environment by using such data to train machine
learning models (chapter 2). These models can then predict biodiversity

changes under future pollution and climate scenarios, informing stakeholders on

the potential outcomes of management or regulation decisions.
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