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Abstract

To monitor biodiversity effectively, accurate and sensitive detection methods that can be
implemented over large spatial scales are required. It has been demonstrated that environmental
DNA (eDNA) sampling can be a valid alternative to many traditional sampling methods. This
thesis explored the data and conclusions which could be drawn from eDNA sampling regimes
across large spatial scales for individual species and communities, answering key questions on
species occupancy and detection method sensitivity. Adaptations of site occupancy-detection
models (SODM) are used throughout.

First, I investigated the relative sensitivity of single- and multi-species detection methods using
a consistent methodological framework across multiple datasets with different study designs. |
used SODM to evaluate how the molecular method used impacted the probability that a species
was detected. | found that gPCR was generally more sensitive at detecting target species but
that different methodological decisions impacted its sensitivity.

Second, | used eDNA sampling to conduct an extensive platypus occupancy survey across 37%
of the species’ estimated distribution. Using a systematic study design, | demonstrated that
correlates of platypus occupancy could be revealed using this efficient survey method. | found
that platypuses were less likely to occupy sites in areas with a high proportion of surrounding
agricultural land or grasslands and were more likely to occupy sites with increased runoff, less

zero-flow days, and suitable banks for burrowing.

Third, the 2019/2020 mega-fires impacted south-eastern Australia severely. My pre-fire eDNA
data provided the opportunity to investigate if platypus occupancy was impacted by this large-
scale event. | developed a SODM extension to incorporate a Before-After Control-impact
(BACI) design. After surveying 118 sites in three time periods (pre-fire, 2020 and 2021), |
found that platypus occupancy was not significantly impacted by the presence of fire. However,
I did find a significant interaction between the proportion of a watershed that was burnt at high
severity and rainfall post-fire: platypus occupancy was lower in watersheds with a high
proportion of high severity fire that had high rainfall post-fire. This finding is consistent with

previous work on the impact of fires on aquatic species.

Lastly, leading on from my work on large-scale eDNA surveys for an individual species, | used
eDNA metabarcoding to investigate occupancy patterns among fish communities. | used a



stratified study design across the state of Victoria to investigate how native and introduced fish
responded to environmental factors. | found that for the water availability covariates |
considered, native and introduced fishes responded similarly. However, for the land use
covariates such as the proportion of a contracted catchment covered by agriculture, urban or
forested land, different patterns emerged. Native fish responded more positively to these

categories, whereas introduced species responded more negatively.

This thesis demonstrated that eDNA sampling is an ideal monitoring tool for individual species
or communities over large spatial scales. | showed that SODM and eDNA data can be used to
estimate correlates of occupancy efficiently and that eDNA sampling over time enables species

responses to major disturbances to be determined across large areas.
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Preface

The research presented in this thesis is predominately my own work and was conducted under
the supervision of Dr Reid Tingley (The University of Melbourne and Monash University) and
Dr Andrew Weeks (The University of Melbourne). | conduced this research as part of the
Quantitative and Applied Ecology group, school of BioSciences, at the University of
Melbourne. Journal publication has been a priority during my candidature; therefore, my four
data chapters have been presented as independent studies in collaboration with co-authors.
There is therefore repetition between chapters, and chapters 2 to 5 have their own standalone
introductions and discussions. Chapter 1 contains exerts from my published review paper and
is cited as McColl-Gausden et al. (2020). The pre-print version is available in Appendix A. To
acknowledge co-author contributions and to conform with publication standards the collective

first-person plural “we” is used throughout chapters 2 to 5.

The chapter contributions of co-authors are outlined below:

Chapter 1

McColl-Gausden EF, Weeks AR, and Tingley R (2020) A field ecologist's guide to
environmental DNA sampling in freshwater environments. Australian Zoologist: Vol. 40, No.
4, pp. 641-651. doi: 10.7882/AZ.2019.025

Contributions: EM, RT conceived the research idea. EM wrote the MS with edits and input
from RT and AR.

Publication status: Published in Australian Zoologist

Chapter 2

McColl-Gausden EF, Week AR, Coleman R, Song S, Tingley R. Using hierarchical models to
compare the sensitivity of metabarcoding and qPCR for eDNA detection

Contributions: EM, RT and AW conceived the research idea. AR and RC facilitated fieldwork
and data collection for dataset one. RT and AW obtained funds and EM conducted fieldwork
and data collection for dataset two. SS and AW performed laboratory procedures, genetic and
bioinformatic analysis. EM and RT designed statistical models and analysis. EM conducted the

statistical analysis and wrote the manuscript with inputs from all authors.

Publication status: Unpublished material not submitted for publication



Chapter 3

McColl-Gausden EF, Week AR, Griffiths J and Tingley R. Using eDNA sampling to identify

correlates of platypus occupancy across broad spatial scales

Contributions: EM, AW, JG and RT conceived the research idea. EM and JG conducted
fieldwork. AW oversaw laboratory procedures and genetic analysis. EM and RT designed the
statistical analysis. EM conducted the statistical analysis and wrote the manuscript with inputs

from all authors.

Publication status: Unpublished material not submitted for publication

Chapter 4

McColl-Gausden EF, Griffiths J, Collins L, Week AR, Tingley R. The impact of the 2019/2020
mega-fires on platypus occupancy in south-eastern Australia.

Contributions: EM, JG, AR, and RT conceived the research idea. EM and JG conducted the
fieldwork with the assistance of other partners. LC produced the fire severity maps. AW and
oversaw laboratory procedures and genetic analysis. EM and RT designed the statistical
analysis. EM conducted the statistical analysis and wrote the manuscript with inputs from all

authors.

Publication status: Unpublished material not submitted for publication

Chapter 5

McColl-Gausden EF, Week AR, Song S, Tingley R. Using eDNA metabarcoding and
multispecies occupancy models to investigate freshwater fish distributions over large spatial

scales.

Contributions: EM, AR and RT conceived the research idea. EM conducted the fieldwork with
the assistance of other partners. AW and SS performed laboratory procedures, genetic and
bioinformatic analysis. EM and RT designed the statistical analysis. EM conducted the

statistical analysis and wrote the manuscript with inputs from all authors.

Publication status: Unpublished material not submitted for publication
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| published a manuscript during my candidature relating to research conducted prior to my
PhD:

McColl-Gausden, E. F., Weeks, A. R., Coleman, R. A., Robinson, K. L., Song, S., Raadik, T.
A., and Tingley, R. (2021). Multispecies models reveal that eDNA metabarcoding is
more sensitive than backpack electrofishing for conducting fish surveys in freshwater

streams. Molecular Ecology 30, 3111-3126. doi:10.1111/mec.15644

Results from the research in this thesis has been presented at the following conferences:

2018
Ecological Society of Australia conference, Brisbane, Australia
2019
Environmental Institute of Australia and New Zealand- Special forum on using eDNA
for wildlife detection, Sydney, Australia
Ecological Society of Australia conference, Launceston, Australia
2020
International Statistical Ecology Conference, virtual
Ecological Society of Australia conference, virtual
2021

Ecological Society of Australia conference, virtual

Research permits

Fieldwork for chapters 3, 4 and 5 was conducted under research permits for New South Wales
(NSW Scientific license #S1.102217 and Forestry corporation # RES100002) and Victoria
(Parks Permit #10009047).
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community occupancy model presented above. The posterior mean estimate of species richness is
=T RS SSR 91
Figure 5.6: B coefficients describing effect of introduced taxa richness on native taxa occupancy.
Points are the mean and lines are the 95% credible intervals. Orange lines do not overlap zero and
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Figure 5.7: B coefficients describing effect of native taxa richness on introduced taxa occupancy.
Points are the mean and lines are the 95% credible intervals. Orange lines do not overlap zero and
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Chapter 1
General introduction



1.1 Introduction

Understanding spatial changes in biodiversity patterns is important for informing conservation
efforts, but landscape-scale data on species distributions can be logistically and financially
difficult to collect. Environmental DNA (eDNA) sampling —the detection of extra-organismal
DNA sourced from environmental samples without any obvious biological source material
being present (Taberlet et al. 2012)— is an emerging survey technique that could, for many
species, facilitate efficient and cost-effective collection of landscape-level data. DNA can be
shed into the environment from various sources, including skin cells, mucous, faeces, or even
individual hairs. Previous studies have shown samples of water, snow, soil, and air can be used
to determine species presence or absence at a site (Dalén et al. 2007; Andersen et al. 2012;
Lugg et al. 2017; Leontidou et al. 2018).

The first step in assessing the suitability of any emerging technology, such as eDNA sampling,
is to compare the results it produces against traditional sampling methods (Lahoz-Monfort and
Tingley 2018). As with other emerging technologies in ecology, such as drones (Hodgson et
al. 2016), thermal cameras (Goodenough et al. 2017), and detector dogs (Cristescu et al. 2015),
eDNA sampling in aquatic environments has been compared to traditional survey methods,
such as live trapping (Shaw et al. 2016), aural surveys (Valentini et al. 2016), and electrofishing
(Evans and Lamberti 2017). In many aquatic systems tested to date, eDNA sampling has been
capable of detecting species or communities more effectively than traditional methods
(Fediajevaite et al. 2021).

Environmental DNA sampling has many elements that make it a promising survey method in
aquatic environments. It allows for large-scale data collection to be efficient for many species
without invasive sampling (e.g., capturing), or even sighting animals. Thus, eDNA sampling
largely eliminates concerns around animal ethics. Additionally, health and safety concerns for
researchers and employers are reduced when using this method. For example, eDNA sampling
eliminates high-risk activities, such as entering waterways to check fyke nets for traditional
fish and platypus surveys (Serena 1994) or conducting backpack or boat electrofishing surveys
for fish (Wilcox et al. 2016). Environmental DNA sampling can potentially detect cryptic or
rare species that evade detection with other methods and detect species at life stages that were
previously difficult to detect or identify between (Dejean et al. 2012). It also lends itself well

to baseline data collection on species distributions alongside routine monitoring programs that



aim to track changes in species distributions over space and time. If more detailed data on
population or individual health (e.g., reproductive output, juvenile recruitment, sex, genetic
variation, abundance) are required, eDNA can highlight sampling locations for more
traditional, time-intensive capture methods. Moreover, eDNA methods also show some
promise in this regard (providing population- and individual-based information), particularly

as technologies improve (Sigsgaard et al. 2016; Bylemans et al. 2017).

Despite these benefits, using eDNA sampling in biodiversity surveys is currently more complex
than using most traditional survey methods. This is largely because eDNA sampling is a
relatively new monitoring technique and standardised approaches have not been developed
(Goldberg et al. 2016). There is however a large global interest in the standardisation of eDNA
detection methods on a large scale with improvements and recommendations being developed
(Bohmann et al. 2021).

Single- and multi-species detection methods

Environmental DNA detection methods can be divided into two broad categories: single- and
multi-species methods (Figure 1.1). Single-species methods focus on eDNA quantification
from a single target species using primers/probes that are specific to the species or
population(s) of interest. Most single-species studies use real-time quantitative polymerase
chain reaction (QPCR), although traditional PCR (Goldberg et al. 2011), Droplet Digital PCR
(ddPCR) (Doi et al. 2015) and loop-mediated isothermal amplication (LAMP) (Lee 2017) have
also been used. Single-species detection methods have been used broadly to detect rare
(Laramie et al. 2015; Schmelzle and Kinziger 2016; Simpfendorfer et al. 2016) and invasive
(Hunter et al. 2015; Hinlo et al. 2017; Klymus et al. 2017; Tingley et al. 2019) species in
aquatic environments. Multi-species detection methods —also known as metabarcoding— take
a broader, community-focused approach. High-throughput next generation sequencing (NGS)
technologies for DNA sequencing enable all species from one or more target groups (e.g., fish,

amphibians, or decapods) to be identified (Taberlet et al. 2012).
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Figure 1.1: Simplified outline of process for single- and multi-species eDNA detection methods

Whether to adopt a single- or multi-species eDNA approach depends primarily on the specific
study aims. A single-species approach is not appropriate when the scientific or management
objective pertains to community-level patterns. But given the rich amount of data afforded by
metabarcoding, why would one adopt a single-species approach, even if a study intends to
focus solely on a single species? The answer to this question lies primarily in the relative
complexity, sensitivity, and cost-efficiency of each eDNA approach.

Single-species approaches require species-specific primers/probes for a target DNA region,
whereas metabarcoding requires primers designed to bind to conserved DNA regions across
the target group. The ability to distinguish species within the target group then relies on a
reference library of known sequences matched to species, with which the sequenced eDNA
data can be compared. Publicly available sequence databases, such as GenBank (Clark et al.
2016), can be used to generate reference libraries at a broad level, but often Australian native
species are poorly represented in these databases due to their uniqueness. Therefore, a local
reference library, consisting of genetic sequences of each species from the study area (as in
Valentini et al. 2016), is recommended,; this also helps account for any intraspecific variation
within the gene region being sequenced. Once this library has been established, it can be used
by future studies; however, its initial development can be expensive and time-consuming
relative to the resources needed to design a species-specific primer. Different target gene
regions will also provide different levels of species resolution, and this needs to be considered
when undertaking metabarcoding surveys, as some gene regions may not differentiate between

4



closely related species (Bylemans et al. 2018). Primer bias can also result in some species not
being detected in a sample when their DNA may be present, as some species may amplify more
readily than others (Elbrecht and Leese 2017).

Metabarcoding requires bioinformatic pipelines to assign genetic sequences to samples and
genetic sequences (or haplotypes) to species (Coissac et al. 2012). Once again, these pipelines
can be reused once developed, but the bioinformatic tools needed for metabarcoding are much
more labour-intensive and require a different level of expertise compared to a single-species

analysis, which is much more routine in a molecular laboratory.

Few studies have directly compared the sensitivity of single- vs multi-species eDNA assays for
individual species. Harper et al. (2018) demonstrated that gPCR resulted in greater detectability
for Great Crested Newts (Triturus cristatus) relative to metabarcoding. Wood et al. (2019)
compared different targeted (singles-species) and metabarcoding (multi-species) approaches
for detecting Sabella spallanzanii —a Mediterranean fanworm. They demonstrated that
targeted single-species detection methods resulted in a higher detection probability compared
to the metabarcoding approach, with ddPCR having the highest probability of detection.
Bylemans et al. (2019) used targeted and metabarcoding methods to detect redfin perch (Perca
fluviatilis) in an intermittent river system. The targeted survey (gPCR) produced higher
detection probabilities compared to eDNA metabarcoding, with metabarcoding failing to detect
the species at six sampling sites where gPCR confirmed presence. Nonetheless, any increased
sensitivity needs to be evaluated against a study’s aims and the nature of the study system. In
some cases, accepting a lower detection probability for a target species may be worthwhile if
additional data on biotic interactions (e.g., presence of prey, competitors, predators, disease)
would change scientific inferences or management decisions. In other cases, such as
determining whether an endangered species is present at a site for an environmental impact
assessment, a less sensitive metabarcoding assay may not be the optimal choice (Deiner et al.
2017). There may be situations where combining approaches (metabarcoding and a single-
species assay) is ideal, particularly where sensitivity for the target species is paramount in the
survey design, but there is also a need for the additional data on community composition. The
advantage here is that sampling and DNA extraction have already been undertaken for one

method, significantly reducing cost for the second method.

The reliability of abundance estimates from eDNA samples varies between single- and multi-

species detection methods. Single-species eDNA assays using gPCR, ddPCR or LAMP have
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revealed relationships between DNA copy number and species abundance within a sample,
indicating that the method can be used to estimate abundance at a site (Klobucar et al. 2017,
Tillotson et al. 2018; Yates et al. 2019). This provides additional information beyond just
presence-absence and is therefore an additional consideration when designing an eDNA study.
While, in theory, multi-species eDNA approaches can also estimate a measure of DNA copy
number within a sample, this relationship is much more complex in metabarcoding due to the
methodology employed, and therefore generally considered a relatively weak indicator of
species abundance at a site (Fonseca 2018).

The final consideration as to whether to adopt a single- or multi-species approach —cost-
efficiency— has not yet been addressed. Metabarcoding is considerably more expensive than
single-species PCR-based approaches when only considering a single target species, but it
remains to be seen at what point (e.g., number of species) metabarcoding is more cost-efficient.
This will depend on the number of species present in a system and the availability of single-

species eDNA assays (Shaw et al. 2017).

Large-scale, systematic eDNA studies

Aquatic eDNA sampling is well-suited to surveys of species distributions, which could be at
the local, regional, national, or continental scale, depending on the species range. These surveys
are important for monitoring purposes, especially for conservation assessments, such as the
global International Union for the Conservation of Nature (IUCN) Red List, or for the
Australian National Environment Protection and Biodiversity Conservation (EPBC) Act or
regional-based listings. They are also essential for understanding and predicting effects of
climate or other global changes. Surveillance sampling for potential invasive species,
especially over large spatial scales, is another important avenue where eDNA sampling could
fill a sampling need (Tingley et al. 2019). Environmental DNA sampling is ideal for the
collection of broad-scale data, as it can be conducted very quickly at a site, and methods and
survey effort can be consistent across the study area. For example, the volume of water may be
recorded for each sample, and two samples may be collected at each site, standardising the
sampling approach. Large-scale sampling using aquatic eDNA has already been demonstrated
for some species. For example, Biggs et al. (2015) sampled 75% of the great crested newts’
(Triturus cristatus) 217,000 km? range using a citizen science program. Such broad-scale data
can be difficult to collect using traditional sampling methods, such as those that involve

capturing individuals. Many traditional sampling methods are logistically challenging and
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require a large amount of time and effort to coordinate at larger scales, for example setting up
and monitoring traps. Additionally, some species may only be detected at certain times of year,
therefore it may be impractical to cover a large sampling area with some traditional methods.
Sampling over large spatial scales may then have to occur over multiple years, adding a time
cost onto data collection efforts. Alternatively, eDNA sampling can occur over large-spatial
scales in a very short space of time. The sensitivity of some traditional sampling methods may
also be low. Being able to detect a species when it is present at a site is important. For example,
some species may avoid traps or not be captured easily (Griffiths et al. 2013), which leads to
imperfect detection and can result in inaccurate occupancy estimates for a species (Guillera-
Arroita et al. 2017).

Large-scale eDNA surveys for generalist species can cover large geographic areas, with
variation in climate, environmental gradients, and habitat. During these surveys it is important
that sampling is not biased towards specific environments or climates and covers the breadth
of potential habitats. Random or stratified sampling approaches are designed to control or
reduce sampling variability (Williams and Brown 2019). Stratified random sampling involves
dividing the environment up into different strata—e.g., vegetation or land use types— and then
taking random samples from within each strata. This ensures that samples are taken across the

environmental range where a species may be present.

Platypus occupancy and eDNA

Platypuses (Ornithorhynchus anatinus) are an iconic Australian monotreme, endemic to
eastern Australia. They are nocturnal and semi-aquatic, feeding in streams and rivers but also
occupying burrows dug into riverbanks (Gust and Handasyde 1995). Platypuses feed
nocturnally on benthic aquatic macroinvertebrates (Serena et al. 2001). They occupy a large
area, with their estimated extent of occurrence being ~1.1 million km? in eastern Australia
(Figure 1.2). Climate varies considerably across the longitudinal extent of their range. In the
south they occupy temperate and even alpine Tasmania, and in far north Queensland they
occupy tropical environments (Grant and Temple-Smith 2003). Platypuses are classed as
vulnerable in the state of Victoria and are classed as Near Threatened by the IUCN (Woinarski
and Burbidge 2016). They are predicted to be impacted by the effects of climate change through
changes such as increasing temperatures and droughts (Klamt et al. 2011; Bino et al. 2020;
Bino et al. 2021).



o 400 8ookm [ Estimated platypus distribution

Figure 1.2: From left to right; the estimated platypus distribution across Australia (Woinarski and Burbidge
2016) and an image of a platypus in water (Ornithorhynchus anatinus). Photo credit Josh Griffiths.

As platypuses are semi-aquatic and predominately hunt at night, incidental observations of
platypuses are rare. Therefore, traditional methods to survey them such as trapping —e.g., fyke
or gill nets— are generally used. These nets must be placed in the river before dark and checked
regularly throughout the night (Griffiths et al. 2013; Hawke et al. 2021). This is an intensive
method that cannot be used over large spatial scales efficiently due to time and resource
constraints. Trapping has other benefits, however, as platypuses can be physically examined
and therefore data about their health status, sex, age and movement can be obtained (Hawke et
al. 2020).

Environmental DNA sampling provides the ideal opportunity to demonstrate efficient large-
scale sampling which has not yet been applied to species occupancy surveys. Environmental
DNA sampling has already been shown to be more sensitive at detecting platypuses compared
to fyke netting (Lugg et al. 2017). Lugg et al., (2017) demonstrated the conditional probability
of platypus DNA being detected by qPCR in a water sample was between 0.858 and 0.892,
whereas the conditional detection probability for a single trapping visit was between 0.219 and
0.470. Environmental DNA sampling was also more cost-efficient, regardless of whether the
management objective was to 1) minimize the survey budget needed to achieve a particular
asymptotic occupancy estimator variance, or (2) minimize the survey budget needed to detect
a change in occupancy over time (Lugg et al. 2017). Platypuses also provide the ideal case

study for large spatial-scale sampling as they are present over a large extent across different
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climatic gradients (Filkov et al. 2020). They are also likely to be impacted by climate change
and therefore baseline data on their occupancy is critical for understanding how they will
respond to changes in the future. Baseline data is lacking for platypuses across their range
because of the limitations of current sampling techniques, especially in remote and hard to
access areas. The combination of a rapid and efficient detection method and a high detection
probability means eDNA sampling is an ideal method for conducting large-scale platypus

occupancy studies.

eDNA sampling to estimate impacts of disturbance

Much of the Australian landscape has been shaped by fire and fire regimes. However, the
2019/2020 mega-fires that burnt over 19 million hectares across south-eastern Australia
(Filkov et al. 2020) caused significant impacts on people, property, and the environment
through their unprecedented scale and severity (Collins et al. 2021). During these fires, there
was the loss of 33 lives and 3,000 houses (Filkov et al. 2020). Large and destructive fires are
increasing globally, and climate change is driving the climatic conditions conducive for these
large fires (Collins et al. 2021). The impact of fire and increasingly severe large fires on
biodiversity, particularly aquatic biodiversity, is uncertain due to lack of research in this area.
For example, it is unclear whether individuals are directly killed by fires or if they are impacted
by longer-term post-fire impacts such as food or habitat availability. There is some evidence
that the majority of animals are not directly killed by fire, especially under low severity or
planned fires (Jolly et al. 2022). However, post-fire impacts in aquatic habitats could include
lower water quality due to post-fire erosion combined with rainfall, and reduced vegetation
cover, as well as the potential for sediment flows and black water (deoxygenation) events (Lyon
and O’Connor 2008; Verkaik et al. 2014).

There is little known about how platypuses respond to fire, including large-scale high severity
fires. Being semi-aquatic, they could be buffered from the direct effects of fire; however, post-
fire impacts could include habitat degradation, sediment slugs or decreased water quality
(Wilkinson et al. 2007) as well as a reduction in prey availability (Vieira et al. 2004) all due to
post-fire rainfall and erosion. High severity fires can increase the probability of water quality
impacts (Wilkinson et al. 2007). Aquatic macroinvertebrates, a primary food source for
platypuses (Serena et al. 2014), can be impacted in terms of their assemblages and richness
after fire (Verkaik et al. 2014; Verkaik et al. 2015; Robson et al. 2018). Therefore, any impacts

on macroinvertebrates could impact the survival of platypuses after a wildfire. The combination
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of high rainfall events and flooding after fire has also been shown to reduce the abundance of
macroinvertebrates (Vieira et al. 2004), and fish (Shakesby et al. 2007).

As eDNA sampling is an efficient survey method for many aquatic and even terrestrial animals,
it is an ideal method to rapidly assess biodiversity after an impact or disturbance. For example,
the California environmental DNA “CALeDNA” program has been using citizen scientists to
take soil samples for eDNA analysis of paired burnt and unburnt sites (Meyer et al. 2019).
Environmental DNA has also been used to assess benthic community composition associated
with deep-sea hard substrata, and recolonisation after an induced disturbance (Cowart et al.
2020). Efficient eDNA sampling enables consistent baseline data that can be used to estimate
the impact of future disturbances, such as major wildfires. Pre-fire occupancy or distribution
data for many species was noted as a limiting factor in prioritising efforts after the 2019/2020
fires (Legge et al. 2021; Southwell et al. 2021). Pre-impact data (also known as “before” data),
especially for rare or cryptic species, can be difficult to obtain, and therefore the true
disturbance impact is hard to measure (Christie et al. 2019). Indeed, Christie et al. (2019)
demonstrated that Before-After Control-Impact (BACI) designs performed 3.2—4.6 times better
than Control-Impact and 7.1-10.1 times better than After-Impact designs, depending on sample

size.

Site occupancy-detection models

Detection is likely to be imperfect with eDNA data. Accounting for imperfect detection, using
any survey technique, is critical for ensuring accurate estimates of site occupancy. Fortunately,
a rich statistical literature on species occupancy-detection models (SODM) has been developed
to account for imperfect detection in wildlife survey data, and these models are a natural
framework in which to analyse eDNA-based data (Dorazio and Erickson 2018; Strickland and
Roberts 2019). SODM estimate site occupancy whilst accounting for imperfect detection, and
thus are ideal for eDNA data, in which replicate samples are collected at a set of sites, and there
is potential for both false positive and false negative detections (Schmidt et al. 2013; Lahoz-
Monfort et al. 2016; Guillera-Arroita et al. 2017; Lugg et al. 2017).

Hierarchical SODM, which account for nested detection processes, are particularly useful for
the analysis of eDNA data. This is because multiple PCRs are often nested within multiple
water samples taken at each site. For example, Hunter et al. (2015), Lugg et al. (2017) and

Schmidt et al. (2013) use a three-level SODM considering (i) the latent presence/absence of a
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species, given the occupancy probability (Equation 1); (ii) the probability of the eDNA being
contained (or ‘available’) within the water sample given (i) (Equation 2); and (iii) the
probability of detecting the species’ eDNA using PCR given (ii) (Equation 3). Using such
hierarchical models enables imperfect detection to be incorporated at the different levels of the
eDNA sampling process. Guillera-Arroita et al. (2017) have shown how these models can be

extended to account for false positive detections.

Equation 1. z;~Bernoulli( y;)
Equation 2. al-j|Zl- ~ Bernoulli (Zieij)
Equation 3. Yijklaij~Bernoulli(a;;p;ji)

SODM can also be applied to multi-species metabarcoding. For example, Valentini et al.
(2016) used SODM to estimate detection probabilities for multiple amphibian species and
(Mcclenaghan et al. 2020) used multi-scale, multi-species occupancy models to analyse coastal
marine biodiversity eDNA data. Environmental covariates can also be incorporated, enabling

occupancy to be compared across different environments.

1.2 Thesis aims

This thesis aims to improve understanding of how eDNA sampling can be used to monitor
aquatic vertebrate species and assess threats to their persistence. It evaluates the difference
between the two major detection methods in eDNA sampling and uses site occupancy-detection
models to demonstrate that the impacts of environmental factors and disturbances on species

can be investigated at broad spatial scales.
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1.3 Thesis outline

Chapter 2: Using hierarchical models to compare the sensitivity of
metabarcoding and qPCR for eDNA detection

In this chapter, 1 compare the sensitivity of two different eDNA detection methods: eDNA
metabarcoding and a single-species detection method. This chapter aims to inform which

detection method should be used for eDNA sampling.

Chapter 3: Using eDNA sampling to identify correlates of platypus
occupancy across broad spatial scales

Large-scale species occupancy studies can be extremely difficult using traditional methods for
some species. In this chapter, | demonstrate the benefits of eDNA sampling as a monitoring
tool for vertebrates by conducting large-scale aquatic sampling for platypuses across
environmental gradients using a systematic study design. This chapter aims to determine
platypus occupancy across south-eastern Australia and uses site occupancy-detection models

to investigate environmental correlates of platypus distribution.

Chapter 4: The impact of the 2019/2020 mega-fires on platypus occupancy
in south-eastern Australia

Even though platypuses are aquatic, there is the potential for them to be impacted by large-
scale wildfires, such as the Australian “black summer” mega-fires of 2019/2020. This chapters
aims to investigate whether platypus occupancy changed after the mega-fires using eDNA data
collected before and after the fires and site occupancy-detection models. The impacts of post-
fire rain (and therefore the potential for sediment flows and water quality impacts) and fire

severity are also investigated.

Chapter 5: Using eDNA metabarcoding and multispecies occupancy models
to investigate freshwater fish distributions over large spatial scales

Environmental DNA metabarcoding has an advantage over single-species methods as the
presence or absence of multiple species’ DNA can be determined using the same sample. This
chapter aims to investigate how native and introduced fish species respond to environmental

factors such as land use or zero-flow events using data collected over broad spatial scales and
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a systematic study design. It also investigates whether introduced fish species richness impacts

native species occupancy.
Chapter 6: General discussion, synthesis, and future directions

In this chapter I summarise each chapter’s findings. I discuss their significance in relation to
the current literature and outline future directions for this work.
Appendices

Appendices contain supplementary materials for each chapter (Appendix B-E) as well as the
author accepted version of a published review entitled “A field ecologists guide to

environmental DNA sampling” which contributed to this general introduction (Appendix A).
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Chapter 2
Using hierarchical models to compare

the sensitivity of metabarcoding and
gPCR for eDNA detection
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2.1 Abstract

Environmental DNA (eDNA) sampling —the detection of intra- or extra-cellular DNA in
environmental samples— is a rapid and sensitive survey method for detecting aquatic species.
The two main detection methods used on eDNA samples target either single- or multiple
species. Single-species detection methods (typically based on PCR or LAMP) have been shown
to be more sensitive for detecting target species than multi-species detection methods, such as
metabarcoding. However, previous studies have generally only compared these two eDNA
detection approaches for a single target species and have used different methodological and
statistical approaches. Here we present a comparison of single- and multi-species eDNA
detection methods, drawing on two published case studies (one fish, one amphibian) and two
new extensive datasets on a freshwater mammal (the platypus). To ensure consistent
conclusions regarding the sensitivity of each eDNA method, we use the same hierarchical site
occupancy-detection model for each dataset, incorporating uncertainty at the site, water
sample, and technical replicate level. Overall, g°PCR achieved higher detection probabilities
than metabarcoding across species and datasets. However, differences in sensitivity between
detection methods varied depending on methodological decisions concerning what constitutes
a true positive detection (i.e., q°PCR and metabarcoding thresholds). The decision as to which
eDNA detection method to use should always be influenced by the study aims, but our results
suggest that single-species detection methods based on qPCR may be preferable when the aim

is to achieve a high detection probability for target species.
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2.2 Introduction

Accurate biodiversity monitoring requires sensitive and fit-for-purpose sampling methods.
Environmental DNA (eDNA) sampling —detection of intra- or extra-cellular DNA that
organisms leave behind in environmental samples such as water, air, or soil— has gained
increasing attention in this regard in recent years. Environmental DNA detection approaches
can be classified into two broad categories: single-species or multi-species detection methods
(McColl-Gausden et al. 2020). Both eDNA detection approaches have been shown to be
equally (or more) sensitive at detecting species compared to relevant traditional survey
methods (e.g. Blackman et al. 2020; Lugg et al. 2017; Mcdevitt et al. 2019; Mcelroy et al.
2020; Smart, Tingley, Weeks, Van Rooyen, & McCarthy, 2015; Valentini et al. 2016).

Single-species detection methods were adopted earlier in ecological contexts compared to
multi-species methods (Valentini et al. 2016). With single-species methods, a target species’
DNA is amplified using PCR, or variants thereof, such as quantitative PCR (qPCR), droplet
digital PCR (ddPCR) or LAMP (Loop-Mediated Isothermal Amplification), coupled with a
primer pair (or pairs in the case of LAMP), and in some cases a probe, that is designed to be
specific to the target species. The presence or absence of a species’ DNA in one or more
replicate environmental samples is then used to infer its presence or absence at a site. Some
studies have also found a relationship between the quantity of DNA from gPCR and species
abundance to enable comparative estimates between study sites (Tillotson et al. 2018; Yates et
al. 2019; Spear et al. 2021). This relationship depends on the species, however, and can be
confounded by life stages and environmental conditions (Plough et al. 2018; Tillotson et al.

2018), such as downstream transport (Rice et al. 2018).

Multi-species eDNA detection methods (also known as eDNA metabarcoding) use next
generation sequencing (NGS) techniques. With multi-species methods, instead of a species-
specific primer pair(s)/probe, universal primers are developed that target an entire taxonomic
group e.g., subphylum or class. This technique requires a different level of expertise that is not
as routinely used in a molecular laboratory, compared to the expertise required for the single-
species approach. For example, decisions need to be made about bioinformatic processing and
filtering (Deiner et al. 2017; McColl-Gausden et al. 2021), OTU selection and removal (Deiner
etal. 2017), reference libraries (Schenekar et al. 2020), and confounding factors, such as primer
bias (Kelly et al. 2019; Schenekar et al. 2020). Despite these complications, eDNA
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metabarcoding is becoming increasingly prevalent in biodiversity monitoring, as it enables
large-scale monitoring of multiple species that would otherwise be substantially more costly or
time consuming using traditional sampling methods (Lacoursiére-Roussel et al. 2016; Ratcliffe
et al. 2021; West et al. 2021).

The decision to use a single- or multi-species eDNA detection method will depend on several
factors, such as the study aims, survey budget, project team expertise, and knowledge of the
study system. For example, single-species qPCR will be much cheaper, quicker, and easier to
implement than eDNA metabarcoding when the primary aim is to document the distributions
of only a few species, whereas eDNA metabarcoding may be more appropriate when the aim
is to document patterns of species richness or community composition. Environmental DNA
metabarcoding can also be useful for systems in which there is little a priori knowledge on
species composition. However, the sensitivity and cost of single-species vs multi-species
methods must also be carefully considered when choosing between eDNA detection methods,
particularly when the presence or absence of specific species is of interest (e.g., threatened,

invasive, or keystone species).

Several studies have compared single-species eDNA detection methods to multi-species
detection methods. Although sampling characteristics have varied across studies, the consistent
conclusion from these studies is that single-species detection methods, such as qPCR, result in
greater detection probabilities of target species compared to eDNA metabarcoding. For
example, Harper et al. (2019) concluded that gPCR resulted in a higher detection rate for the
great crested newt (Triturus cristatus) than eDNA metabarcoding, but that detection rate
depended on the number of positive qPCR replicates used to classify a water sample as positive
(1/12 vs 4/12). Wood et al. (2019) developed eDNA assays for two different gene regions (COl,
18S rRNA) to compare single-species detection methods (QPCR, ddPCR) and a multi-species
method for detecting a Mediterranean fanworm, Sabella spallanzanii. They demonstrated that
targeted single-species detection methods resulted in higher detection probabilities than
metabarcoding, with ddPCR having the highest probability of detection. Schenekar et al.
(2020) found that European catfish (Silurus glanis) and European eels (Anguilla anguilla) were
detected at more sites with gPCR than with metabarcoding. Finally, (Bylemans et al. 2019)
used single- and multi-species detection methods for redfin perch (Perca fluviatilis) in an

intermittent river system, concluding that qPCR produced higher detection probabilities
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compared to eDNA metabarcoding, with metabarcoding failing to detect the species at six sites

where qPCR confirmed presence.

Previous comparative studies, such as those outlined above, provide important insight into the
relative sensitivity of single- and multi-species detection methods. Yet most previous studies
have had one or more methodological limitation. First, studies have predominately focused on
detecting one or two target species. Numerous studies have shown that the sensitivity of eDNA
detection methods can vary considerably among taxa and systems. While individual analyses
add to the growing body of knowledge, it is important to establish the generality of those studies
across different study systems. Second, previous studies have varied widely in the number of
sites sampled, the number of water samples taken at each site, and the number of replicates
analysed for each water sample. It remains unclear whether the largely arbitrary nature of most
eDNA sampling designs results in sufficient sample sizes to detect whether there is a difference
between single- and multi-species detection methods — something that can be resolved via
simulation or targeted sampling in closed systems of known community composition. Finally,
previous comparative studies have made different methodological assumptions, used different
response variables, and/or used different methods of analysis. A prime example is the use of
detection thresholds (Peixoto et al. 2021). Thresholds have been used in single-species
detection methods to classify a water sample as positive or negative based on the number of
positive gPCR replicates from a water sample (Peixoto et al. 2021), as well as in metabarcoding
studies to filter out low abundance reads that represent likely false positives (Deiner et al.
2017). Directly comparing the outcomes of studies that use different detection thresholds
requires analysing single- and multi-species datasets in a consistent manner. Thus, while
several studies have reached similar conclusions regarding the sensitivity of single- and multi-
species detection methods, use of a single methodological framework in which to compare

different studies with different data structures will enable a more robust consensus.

Hierarchical modelling is increasingly being applied to environmental DNA sampling (Fukaya
et al. 2022) and provides an ideal method for analysing the sensitivity of single- vs multi-
species eDNA methods. This approach has been used to compare eDNA detection methods to
traditional sampling methods (McColl-Gausden et al. 2021), to analyse community data
(Mcclenaghan et al. 2020), and to optimise study design efficiency (Fukaya et al. 2022), but
has not yet been applied to the comparison of single- and multi-species detection methods.

Hierarchical site occupancy-detection models allow for imperfect detection to be considered at
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the different levels of eDNA detection (sample, technical replicate). Importantly, this approach
can also incorporate detection covariates, enabling an assessment of the relative sensitivity of
different detection methods. Hierarchical site occupancy-detection models therefore provide a
consistent framework in which to compare the results of different studies with different data

structures.

Here we compare the detection probabilities of single-species qPCR and eDNA metabarcoding,
drawing on two published case studies (fish: Bylemans et al. 2019; amphibian: Harper et al.
2018) and two new datasets on a freshwater mammal (the platypus Ornithorhynchus anatinus)
collected in south-eastern Australia. We use hierarchical site occupancy-detection models for
this purpose, providing a consistent framework of analysis for drawing inferences across

multiple species from different taxonomic groups and environments.

2.3 Methods

Study sites

Two new datasets on the occurrence of platypus DNA in water samples were used in this study.
The first, here called the SE Australia dataset (Figure 2.1), includes temperate regions across
different vegetation types and land uses in south-eastern Australia. Land use varied
considerably across these sites, incorporating forested, agricultural, and urban environments.
Stream catchment size, velocity and turbidity also varied considerably across these sites.
Annual rainfall varied from 600 mm to 1500 mm across the study area. Mean maximum
temperatures ranged from 12 °C to 21 °C, whereas mean minimum temperatures ranged from
3°Cto 9 °C (Bureau of Meteorology, 2021).

The second dataset, here referred to as the Melbourne dataset (Figure 2.1), focuses on samples
collected from around Melbourne, Victoria, as part of Melbourne Water’s eDNA ‘Aquablitz’
and long-term urban platypus monitoring programs. Stream types were varied across a range
of land uses including urban, peri-urban, agricultural, and forested. Melbourne is a temperate
city, with an average rainfall of 534.9 mm, an average annual maximum temperature of 19.9

°C, and an average annual minimum of 9.6 °C (Bureau of Meteorology, 2021).
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Case study
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Figure 2.1: Map of study sites for both case studies. Melbourne dataset is dark blue dots, and SE Australia is
light blue dots

eDNA sampling

Sampling for the SE Australia dataset (n = 82 sites) occurred between August 2018 and
November 2019. No sampling occurred during the summer months of November to February
to ensure that sampling was focused when platypus activity is higher in Victoria (e.g.,
excluding their key breeding period when females are predominately in burrows). At each site,
two water samples (filters) were taken using two disposable sterile syringes (60-mL Luer Lock
syringes; Hapool medical Technology, Shandong, China). A maximum of 500 ml of water was
filtered per water sample by taking multiple 60-mL samples of water at a time and pushing
them through the filter. Filtering ceased prior to 500-mL if the filter became clogged. If the
water was not accessible by hand, an extendable pole with a sterilised container on the end was
used to collect water. The water was then passed through an a detachable 0.22 um filter by
hand (GP 22um Filter Unit; Sterivex, EMD Millipore corporation, Billerica MA, United
States). Sterile syringes and filters, as well as disposable gloves were used, and field equipment
was sterilized with 10% bleach solution and dried between sites. Samples were refrigerated for
a maximum of three days until frozen, or frozen on site until DNA could be extracted. We ran
three qPCRs on each water sample for the targeted, single-species approach, and
metabarcoding analysis was conducted on each water sample (two per site) (see Appendix B

for details of eDNA analysis).
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Samples for the Melbourne dataset (n = 262 sites) were collected from July-August 2016. Three
water samples (filters) were collected at each sampling location. The same methods of sample
collection and storage were used as for the SE Australia dataset. We conducted three gPCRs
on each water sample for the targeted single-species approach, and metabarcoding analysis was

conducted on the pooled water samples (one per site).

Threshold scenarios

To explore the impact of applying thresholds to gPCR and metabarcoding data on the relative
sensitivity of each method, we included several threshold scenarios. For metabarcoding, we
filtered reads at a level that cleared false positive detections (0.0023% for platypuses)
sequenced in mock community data (see Appendix B) in the SE Australia dataset. We also
included a no threshold scenario for the SE Australia dataset and a pooled scenario where data
from both water samples was combined. We did not include a threshold scenario for the
Melbourne dataset as no platypus DNA was detected in any controls. Analysis of gPCR data
for both datasets included three different scenarios. The first included all gPCR replicates in
the model (e.g., for a sample with 3 technical gPCR replicates, the detection history could be
detection =0, 1, 1 (absent, present, present) and all three replicates would be included). For the
second scenario, we collapsed the gPCR data so that if a species was detected in any of the
three technical replicates, that water sample was labelled as positive (i.e., detection = 1). The
third (more stringent) scenario involved collapsing the data so that samples in which a species
was detected in two or more of the three technical replicates were labelled as positive (i.e.,

detection = 1). Threshold scenarios are outlined in Table 2.1.

Additional case studies

Additional case studies were collated from the published literature. Two publicly available
datasets that compared a single-species eDNA detection method and a multi-species detection
method were used. Bylemans et al. (2019) considered the Redfin perch (Perca fluviatilis) in
streams where eight water samples were taken from eight sites. Three to six qPCR replicates
were completed per water sample and there was one metabarcoding sample per water sample.
A low abundance read filtering threshold was used for metabarcoding and a threshold of 1/3
gPCRs was used for the single-species method. Harper et al. (2018) investigated the great
crested newt (Triturus cristatus) in ponds where one water sample was taken at 532 sites.

Twelve gPCR replicates were conducted per water sample and there was one metabarcoding
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sample per site. Two metabarcoding threshold scenarios were used (no threshold and 0.028%
—a species specific threshold calculated by ensuring controls were cleared of any target species
reads— as well as two gqPCR threshold scenarios (1/12 replicates and 4/12 replicates). The
studies are outlined in more detail in Table 2.1 (Harper et al. 2018; Bylemans et al. 2019).

Volume of extracted DNA

The volume of DNA used for gPCR and metabarcoding components differed for all datasets.
For the SE Australia and Melbourne datasets, 6 pl of extracted DNA was used for gPCR per
sample (2 pl per gPCR replicate) and 8ul for metabarcoding per sample. Bylemans et al. (2019)
used 24-48 ul of extracted DNA per sample for gPCR (8 pl per gPCR replicate, with 3-6
replicates/sample) and 4 pl for metabarcoding. Harper et al. (2018) used 36 ul of extracted
DNA per sample (3 pl per replicate) for gPCR and a total of 6 pl for metabarcoding (2 pl for
3 technical replicates)
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Table 2.1:Summary of case studies from published datasets and new platypus data

Case Study | Target Environ- | Sites | Replicate | gPCR Metabarc | Scenarios used in original study Scenarios used in this study
Species ment water replicates | oding
samples per water | replicates
per site sample per site
Bylemans Redfin River/ 8 8 3-6 8 (1 per Metabarcoding Metabarcoding
dataset: perch stream water e  Autumn 2015 low abundance e  Autumn 2015 low abundance read filtering threshold
(Bylemans | (Perca sample) read filtering threshold e  Spring 2015 low abundance read filtering threshold
etal. 2019) | fluviatilis) e Spring 2015 low abundance gPCR
read filtering threshold e All replicates included (3 level model)
gPCR e 1/(3-6) replicate threshold (2 level model)
* 1/3replicate threshold plus e 2/(3-6) replicate threshold (2 level model)
replicates were only
considered valid when
amplification was observed in
at least one assay of generic
fish positive control
Harper Great Pond 532 1 12 1 Metabarcoding Metabarcoding
dataset: crested e Threshold (0.028%) e Threshold (0.028%)
(Harperet | newt e No threshold e No threshold
al. 2018) (Triturus gPCR gPCR
cristatus) e 1/12 replicate threshold e All replicates included (3 level model)
o  4/12 replicate threshold e 1/12 replicate threshold (2 level model)
e  4/12 replicate threshold (2 level model)
SE Platypus River/ 82 2 3 2 (1 per NA Metabarcoding
Australia (Ornithor- | stream water e  Threshold (0.0023%)
dataset hynchus sample) e No threshold
anatinus) e Pooled data across both water samples
gPCR
e All replicates included (3 level model)
e 1/3 replicate threshold (2 level model)
e 2/3 replicate threshold (2 level model)
Melbourne | Platypus River/ 262 3 3 1 NA Metabarcoding
dataset (Ornithor- | stream e No threshold
hynchus qPCR
anatinus) e All replicates included (3 level model)
e 1/3 replicate threshold (2 level model)
e  2/3 replicate threshold (2 level model)
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Model description

The observed data collected for this study was binary detection/non-detection observations of
a species at site i (1,2...n). Two model variations were used in this study: a three-level model
in which no gPCR thresholds were used (i.e. three levels of data, site, sample and replicate),
and a two-level model in which gPCR thresholds were used (i.e. two levels of data, site and
sample) (Schmidt et al. 2013). Using the SE Australia dataset and the three-level model as an
example, two independent water samples j (1,2) were taken at each site. Four replicate runs k
(1,2...4), were conducted on each water sample at each site (3 gPCR replicates, and 1

metabarcoding replicate per water sample). Our model is defined by the following equations:

Equation 1. zi~Bernoulli( ;)
Equation 2. a;j|z; ~ Bernoulli (z;6;;)
Equation 3. Yijklaij~Bernoulli(a;jwj)
Equation 4. logit(w) = a + M,

Equation 1 describes the occupancy of the species at site i (zi= 1 where the species is present,
and z;= 0 where the species is absent), given the mean probability of occurrence for that species
for each site (y;). Equation 2 describes the presence of the species’ DNA in water sample j
(a;;), conditional on species presence at site i, as a function of eDNA availability probability
6 (the mean probability that a given water sample contains the species’” DNA). Equation 3
describes the observed detection process at site i for water sample j in replicate k, conditional
on the probability of detecting the species’ DNA (w), given it is available to be detected (a;;).
Finally, Equation 4 shows that the probability of detecting the species’ DNA (w) is a function
of an overall intercept a and a coefficient describing the effect of detection method S M, jy,
where Mij = 0 for qPCR, and Mk = 1 for metabarcoding. A positive parameter estimate
(B) therefore indicates that the species was more likely to be detected with metabarcoding.
Likewise, a negative parameter estimate (f) suggests that the species was more likely to be
detected with qPCR. Prior distributions were specified on the logit scale where i, 6, ® and
were normally distributed with a mean of 0 and a precision of 0.1. We also used the two-level

model described in Appendix B.
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Model fitting

Models were fit in R version 3.6.3 (R Development Core Team, 2020) using the software JAGS
through the package rjags v.4-8. Three model chains were run for 30,000 iterations each. The
first 10,000 samples were treated as the burn-in and discarded, and the remaining samples were
thinned by a factor of 10. This resulted in 2,000 samples per chain from the posterior
distribution. Convergence was measured using traceplots from the jagsUl package v.1.5.0;
chains were well mixed. Gelman-Rubin statistic values R were below 1.1, suggesting

successful convergence of chains. Example JAGS code is presented in Appendix B.

Simulation analysis

To investigate whether the four case studies used here have the study design structure (e.g.,
site, sample, and qPCR replication) necessary to accurately estimate the parameter of interest
(i.e., the effect of eDNA detection method f), we conducted model simulations. For details

and results of model simulations, see Appendix B.

2.4 Results

Platypus eDNA was detected in at least 1/6 gPCR replicates (across two water samples with
three technical replicates per sample) at 69 of the 82 sites sampled in the SE Australia dataset.
For most of these detections (61/69), at least 2/3 qPCR technical replicates detected platypus
eDNA in at least one water sample. Metabarcoding detected platypus DNA at 46 sites
(representing 0.45% of all reads). At 26 of these 46 sites, platypus DNA was detected in both
replicate water samples. Where metabarcoding detected platypus DNA, the gPCR assay also
detected platypus DNA — the average number of positive gPCRs at each of these sites was 5.2/6

and the most common value was 6/6 gPCRs.

For the Melbourne dataset, QPCR detected platypus DNA at 126/262 sites (>1/9 qPCRs across
three water samples each with three technical replicates). Metabarcoding detected platypus
DNA at 47 of the 262 sites (representing 0.72% of all reads). Where metabarcoding detected
platypus DNA, gPCR also detected platypus DNA, with an average of 2.1/9 positive g°PCRs

per site.
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Sensitivity of single- and multi-species detection methods

For the SE Australia dataset, gPCR was more sensitive at detecting platypus DNA compared
to metabarcoding across all thresholding scenarios considered. When no metabarcoding
threshold was applied, and all replicate gqPCRs were included (e.g., the whole detection
history), the effect of detection method on detection probability (B) was negative and 95%
credible intervals (CI) did not overlap zero, suggesting that platypus DNA is more likely to be
detected using qPCR compared to metabarcoding (mean [95% CI] = —1.068 [—1.544, —0.609],
Figure 2.2). As expected, applying a threshold to metabarcoding data, but not qPCR, led to a
stronger effect of detection method (mean B [95% CI] =—-2.176 [—2.639, —1.720], Figure 2.2).
Pooling metabarcoding data for each site (combining the two water samples) and not applying
a gPCR threshold reduced the effect of detection method on detection probability but gPCR
was still the more sensitive method (mean [95% CI] = —0.740 [-1.317, —0.156). When 1/3 or
2/3 positive gPCR replicates were required to label a water sample as positive (and no
metabarcoding threshold was applied) the  parameter estimate remained negative and 95%
CIs did not overlap zero (1/3 qPCRs: mean [95% CI] =—-2.309 [-6.311, —1.573]. 2/3 qPCRs:
mean [95% CI] = —1.158 [-1.801, —0.542], Figure 2.2). Thus, for the SE Australia dataset,
applying thresholds to gPCR and metabarcoding data, or pooling metabarcoding samples, did
not influence our conclusion that gPCR was more sensitive than metabarcoding. See Table B.1
in Appendix B for detailed detection, availability, and occupancy probabilities for all scenarios.

For the Melbourne dataset, no threshold was applied to metabarcoding data. When no threshold
was applied to gPCR data (e.g., the whole detection history is included), the effect of detection
method on detection probability was negative but uncertain (mean B [95% CI] = —0.298
[-0.729, 0.120]). When 1/3 positive qPCR replicates were required to label a water sample as
positive, the effect of detection method was negative and 95% Cls did not overlap zero (mean
[95% CI] =-1.322 [-1.745,—0.906]). Using a more stringent threshold of 2/3 positive qPCRs,
the direction of the relationship was much more uncertain (mean [95% CI] = 0.061 [-0.419,
0.554]; Figure 2.2). Overall, then, gPCR was more sensitive for the Melbourne dataset, but
effects of detection method were more dependent on gPCR thresholds than in the SE Australia

dataset.
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Figure 2.2: B parameter estimates (effect of detection method on probability of detection) for each dataset and
scenario. Dots represent posterior means and lines represent 95% credible intervals. Datasets are divided by colour
block. From bottom to top, datasets are SE Australia, Melbourne, Bylemans et al., (2019) (Autumn, Spring),
Harper et al., (2018). NT = No threshold applied, T = Threshold applied, 1/3 = 1 positive gPCR required to class
a sample as positive, 2/3 = 2 positive qPCRs required to class a sample as positive, 1/12 = 1 positive qPCR
required to class a sample as positive and 4/12 = 4 positive qPCRs required to class a sample as positive.

Additional case studies

We investigated two seasons of data from Bylemans et al. (2019). Low abundance read filtering
was used on this dataset, therefore all scenarios use this metabarcoding data. When all gPCR
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replicates were included using data collected in Spring, the analysis revealed that qPCR was
more sensitive than metabarcoding (mean 3 [95% CI] =—0.983 [—1.788, —0.193], Figure 2.2)
at detecting Redfin perch (Perca fluviatilis). Applying a 1/3 gPCR threshold resulted in a
certain effect of detection method mean P [95% CI] = —1.428[—2.283, —0.587] whilst a 2/3
gPCR threshold overlapped zero and was thus uncertain: mean B [95% CI] = —0.648[—1.551,
0.215], Figure 2.2). The autumn season data, based on the same sites, produced similar results,
although effects of detection method were uncertain when no gPCR threshold was applied
(mean B [95% CI] =—0.428 [—1.249, 0.439], Figure 2.2). When a threshold of 1/3 gPCRs was
applied, B was negative and 95% Cls only slightly overlapped zero (mean  [95% CI] =—0.689
[—1.449, 0.080]). However, when the more stringent threshold of 2/3 qPCRs was applied, the
effect of detection method on detection probability was uncertain (mean B [95% CI] =
—0.455[—-1.471, 0.526], Figure 2.2).

We also analysed data obtained from Harper et al. (2018) in six ways: two metabarcoding
scenarios, with three qPCR variations. When a metabarcoding threshold was not applied, and
all qPCR replicates were included, the great crested newt (Triturus cristatus) was more likely
to be detected with metabarcoding than with qPCR (mean 3 [95% CI] = 0.456 [0.203, 0.707],
Figure 2.2). Using no metabarcoding threshold, but with a qPCR threshold of 1/12, the effect
of detection method was certain and negative (1/12 gPCRs: mean B [95% CI]=—-1.566 [—2.040,
—1.124]); however, the estimate became uncertain when a 4/12 qPCR threshold was used (4/12
gPCRs: mean B [95% CI] = 0.193 [-0.231, 0.618]). When a species-specific metabarcoding
threshold was applied to reduce the occurrence of potential contamination, and all gPCR
replicates were used, the effect of detection method became uncertain and was centred around
0 (mean P [95% CI] =-0.022 [—0.271, 0.228], Figure 2.2). Using a metabarcoding threshold
and a qPCR threshold of 1/12 or 4/12 positive technical replicates, the f parameter estimate
was negative and 95% Cls did not overlap zero (1/12 qPCRs: mean B [95% CI] = —2.384
[-3.023, —1.819]; 4/12 qPCRs: mean B [95% CI] =—-0.653 [-1.130, —0.193], Figure 2.2).

2.5 Discussion

Our results illustrate that in most circumstances, single-species eDNA detection methods are
more sensitive at detecting target species than multi-species detection methods, although

method decisions —particularly gPCR or metabarcoding thresholds— affect the extent of this
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disparity. Importantly, these findings were generally robust to different species and study

systems.

Site occupancy-detection models

Our study adds to a growing body of literature illustrating the benefits of using site occupancy-
detection models to analyse eDNA data. Notably, the hierarchical nature of these models allows
for imperfect detection to be incorporated at the different sampling levels inherent in eDNA
data (water sample - availability probability, and replicate - detection probability) (Schmidt et
al. 2013), enabling users to compare the sensitivity of different sampling methods. Using these
models, we have compared the sensitivity of single species eDNA detection methods to eDNA
metabarcoding and investigated the impact of applying detection thresholds on the sensitivity
of both methods, across a range of freshwater study systems in a consistent manner that allows
for study design variation to be considered (e.g., different numbers of sites, water samples,
technical replicates). Using a single modelling framework to analyse different case studies has
allowed us to conduct a more comprehensive and direct comparison between eDNA detection

methods than has been previously possible.

Detection thresholds

Applying a threshold to single-species eDNA detection methods, such as gPCR, is common
practice (Bohmann et al. 2021; Langlois et al. 2021). Thresholds can reduce the probability of
false positive detections; however, they can also omit rare species or species with low
abundance (false negatives) (Ficetola et al. 2016; Lahoz-Monfort et al. 2016; Deiner et al.
2017). In our case studies, applying a low threshold to a single-species detection method (such
as 1/3 positive gPCR replicates needed to classify a water sample as positive) resulted in a
stronger estimated effect of eDNA detection method (i.e., more negative 3 estimate) compared
to when no gPCR threshold was applied. This is presumably because using a qPCR threshold
reduces the number of zeros in a detection history, misrepresenting the uncertainty of the
detection process (e.g., a 001 detection history, in which a species was detected in 1/3 gPCR
replicates of a water sample, would be assigned a 1). Therefore, an effect may appear to be
more extreme —more negative or positive— when a threshold is used compared to the full
dataset. This effect can be seen in the SE Australia, Melbourne, and Harper datasets (Figure
2.2). Using a higher threshold of 2/3 gPCRs resulted in gPCR becoming less sensitive (i.e., a

less negative B parameter estimate). In both circumstances (i.e., high and low gPCR
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thresholds), using a threshold also resulted in more uncertain estimates (wider 95% credible
intervals), as there was less data to estimate the parameters of interest. Replication at multiple
levels may be required to accurately estimate parameters in hierarchical models (Guillera-
Arroita et al. 2017). Thus, reduction in replication at the technical replicate level when gPCR

thresholds are used may have a strong impact on parameter estimation.

The effect of applying a threshold to gPCR data was seen most strongly in the Harper dataset,
which serves as an illuminating case study. When we added the two scenarios in which no
threshold was applied to qPCR data, the § parameter estimate became uncertain (95% CIs
overlapped zero) or was positive (suggesting metabarcoding was more sensitive). This outcome
was a result of the large amount of replication in the single-species detection method (n = 12
gPCR replicates) compared to the metabarcoding method (n = 1 replicate). In this case,
applying a threshold to the single-species detection method dramatically reduced the amount
of replication, resulting in a single data point instead of 12. While this is an extreme example
(12 gPCR replicates vs 1 metabarcoding replicate), the mismatch between the replication for
gPCR compared to metabarcoding created a scenario in which the non-detections (zeros) from
the large number of qPCR replicates resulted in reduced estimated sensitivity of the single-
species detection method. Processing all water samples separately for metabarcoding (not
pooling samples) would assist in evening the replication across the two methods and potentially

provide a more robust comparison of the eDNA detection methods.

Detection thresholds are also often used in eDNA metabarcoding studies. False positive
detections can occur using metabarcoding because of factors such as primer specificity (Deiner
et al. 2017), primer bias (Elbrecht and Leese 2015), index switching (Esling et al. 2015), or
contamination (Mcelroy et al. 2020). Metabarcoding data can be analysed in at least two ways.
First, multiple water samples taken at a site can be pooled into one sample (Deiner et al. 2017),
reducing replication at the water sample level. Second, metabarcoding data can be analysed
separately for each water sample, increasing the amount of replication present in the data. In
either case, low abundance read filtering (i.e., removing reads that comprise a small percentage
of the total number of reads obtained from a sample) can be used, along with other data
preparation steps, to reduce potential false positive detections in eDNA metabarcoding data
(Deiner et al. 2017). Some common methods include removing a percentage of reads to clear
any contamination in negative controls in either a species-specific way (Harper et al. 2018), or

across a whole study (Olds et al. 2016). Thresholds can also be applied to clear mock
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communities (Harper et al. 2018). Regardless of the precise method used, the current study
shows that applying a threshold can affect the perceived sensitivity of eDNA metabarcoding,
and that the magnitude of this effect can vary among studies. The general result from the SE
Australia and Harper datasets (which both included data with and without a metabarcoding
threshold) was that applying thresholds resulted in gPCR being more sensitive at detecting the
target species (i.e., more negative 3 parameter estimates), compared to when no metabarcoding
threshold was applied (Figure 2.2). Applying thresholds altered the direction of our primary
finding (i.e., that gPCR is more sensitive compared to metabarcoding) for one study (the

Harper dataset) but not others considered here.

We investigated the effects of using g°PCR and metabarcoding thresholds, as they are common
in the literature (including both published case studies used here), but we caution against their
use in general, given the availability of models to explicitly account for the hierarchical nature
of the eDNA detection process (Lahoz-Monfort et al. 2016) and the potential for false positives
(Guillera-Arroita et al. 2017). Nonetheless, running analyses with and without thresholds
enabled us to demonstrate the fact that our overall conclusion — that g°PCR was more sensitive
than metabarcoding — was relatively robust to this method decision (also see McColl-Gausden
et al. (2021)).

Study design

We were unable to control for the volume of extracted DNA used in each method for each
dataset. The Bylemans et al. (2019) and Harper et al. (2018) datasets used a larger volume for
the single-species targeted approach compared to metabarcoding, whereas the SE Australia and
Melbourne datasets used a larger volume of extracted DNA for metabarcoding compared to the
singe-species approach. Bylemans et al. (2019) evaluated if the differing volume of extracted
DNA impacted results using a subset of three sites where either 4 or 8 pl of template DNA was
used for each metabarcoding technical replicate. They found that the volume of extracted DNA
used did not significantly affect detection probabilities. The results of especially the SE
Australia and Melbourne datasets support the assertion that qPCR is more sensitive than
metabarcoding, as a larger volume of extracted DNA was used for metabarcoding, the less
sensitive method. This study demonstrates the large variation in study design and methods used
in eDNA detection studies and highlights the need for more standardised methods (Bohmann
et al. 2021).
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Previous studies have shown that primer selection can influence the likelihood of eDNA
detection (Wood et al. 2019). While we were able to compare single-species detection methods
to eDNA metabarcoding across multiple study systems, we were unable to evaluate whether
the choice of metabarcoding primer influenced our findings. We used a universal vertebrate
primer (Valentini et al. 2016), as opposed to a mammal-specific primer, for our two new case
studies because of the low number of aquatic mammals present in the study area. This allowed
us to detect a total of 167 species in the SE Australia dataset and 146 in the Melbourne dataset
for the purpose of biodiversity screening across the waterways. A more group-specific
metabarcoding primer could be used for other taxonomic groups — for example, the “telostei”
primer for fish (Riaz et al. 2011; Shehzasd et al. 2012) or the “batra” primer for amphibians
(Valentini et al. 2016). Different metabarcoding primers can preferentially sequence different
species (Bylemans et al. 2019), due to the number of matches between a species’ DNA and the
primer (Pifiol et al. 2019), or the concentration of DNA from a particular species in a sample.
For example, some species that occur at high abundance can mask rarer species in a sample
(Evans et al. 2016) but inherently the more specific you make a metabarcoding primer, the less
information you will get from the metabarcoding method. It is therefore important to consider
these factors when selecting a metabarcoding primer. Future studies could usefully compare
multiple metabarcoding primers with varying taxonomic resolution to single-species detection

methods to assess the generality of our findings.

An additional factor that is important to consider when comparing single-species detection
methods to eDNA metabarcoding, and one that has not been evaluated previously, is whether
the amount of site and sample replication used is sufficient to detect a difference between
sampling methods. There are evident differences in the data structure of the four datasets used
in this study, and this variability in study designs is generally representative of the eDNA
literature to date. Accordingly, standardisation of eDNA sampling methods is a topic of
increasing interest (Loeza-Quintana et al. 2020; Bohmann et al. 2021). Standardisation is
important not only for quality assurance, but also because it can be difficult to compare or
generalise the results of individual studies when they have different data structures (such as the

number of sites, samples, and replicates) and different sampling protocols.

Finally, our results support the use of a hybrid sampling approach involving single- and multi-
species methods for projects where the detection of a target species is important, but

community data may also be useful. In both our platypus datasets (but particularly in the SE
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Australia dataset), numbers of gPCR detections were high when metabarcoding detected
platypus eDNA in either of the two water samples taken, suggesting that metabarcoding did
not produce substantial numbers of false positive detections. In addition, results of site
occupancy-detection models revealed that metabarcoding is generally more susceptible to false
negative detections compared to qPCR. Taken together, these results indicate that
metabarcoding could be conducted at all sites for a given survey, and a single-species detection
method could be used only at sites that are negative for the target species, especially within its
previously known range. Such a hybrid approach reduces the number of sites/samples that need
to be processed using both eDNA detection methods. This outcome may assist managers with
large-scale project planning and reduce monitoring costs, as both methods don’t need to be
conducted at every site, and DNA extraction has already taken place. Nonetheless, the decision
to use a single- or multi-species detection method still needs to align with the aims of the study.
If detection data is needed for target species (e.g., an invasive or threatened species) and false
negative detections are detrimental, then the higher sensitivity of a single-species detection
method may be warranted. However, if community data is also needed, a hybrid approach, as
discussed above, might be a valid option as we have demonstrated for platypuses.

2.6 Conclusions

This study presents a consistent method to compare single-species and multi-species eDNA
detection methods across different study designs, and for different aquatic taxa. The consistent
result across these case studies is that single-species detection methods can be more sensitive
compared to metabarcoding but that the sensitivity of each method will depend somewhat on
detection thresholds and some aspects of the study design. Ultimately, the decision to use either
a metabarcoding or qPCR approach is a choice between the need for multi-species information
(e.g., biodiversity assessments) or individual species information (e.g., threatened or invasive
species), where there is a trade-off between detection sensitivity in the former and cost with
the latter. It is possible that exploration of finer taxonomic resolution metabarcoding primers
(e.g., fish, amphibians), could demonstrate a compromise between the more extreme taxonomic

comparison by this study.
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Chapter 3

Using eDNA sampling to identify
correlates of platypus occupancy across
broad spatial scales

34



3.1 Abstract

Species presence-absence data can be time-consuming and logistically difficult to obtain across
large spatial extents. Yet these data are important for ensuring changes in species distributions
are accurately monitored and are vital to our understanding of how species respond to global
change. Here we demonstrate how environmental DNA (eDNA) sampling can be used to
collect species occupancy data rapidly and efficiently across vast spatial domains. We use a
widely distributed species, the platypus (Ornithorhynchus anatinus), as a test case. We used an
environmentally stratified survey to assess the presence-absence of platypus eDNA at 504 sites
across 584,292 km2 of south-castern Australia, representing ~37% of the species’ extensive
distribution. Site occupancy-detection models were used to analyse how landscape- and site-
level factors affect platypus occupancy, enabling us to incorporate uncertainty at the different
levels inherent in eDNA sampling (site, water sample replicate, and qPCR replicate). Platypus
eDNA was detected at 272 sites and were more likely to occupy sites in catchments with
increased runoff and less zero-flow days, and sites with access to banks suitable for burrowing.
Platypuses were less likely to occupy sites in catchments with a high proportion of shrubs and
grasslands, or agricultural land use. The broad spatial extent of this study makes it the most
spatially comprehensive eDNA program undertaken to date using a systematic study design.
Our case study shows that such surveys provide an efficient means to understand how
environmental characteristics affect species occupancy across broad environmental gradients.
The methods employed here can be applied to aquatic and semi-aquatic species globally,
providing unprecedented opportunities to understand biodiversity status and change.
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3.2 Introduction

An ability to detect where species occur over broad spatial extents is critical to wildlife
monitoring (Guisan et al. 2013). Without these data, range shifts, contractions, expansions, or
invasions can go undetected. Data collected across large spatial extents are also important for
informing extinction risk assessments, such as regional or global conservation listings (e.g., the
International Union for Conservation of Nature (IUCN) Red List of Threatened Species), and
for understanding and predicting the impacts of environmental change on species
distributions. Citizen science programs that involve recording wildlife sightings can assist in
the collation of large amounts of data over broad spatial domains, but issues such as spatial and
temporal sampling biases, uncertain sampling effort, and taxonomic misidentifications, mean

that such programs are not ideal for many conservation applications (Tiago et al. 2017).

Accurate and efficient detection methods are necessary to ensure wildlife monitoring can
feasibly occur over large areas in a systematic way. Many traditional methods, such as trapping,
can be time-consuming and typically require multiple sampling events to be confident that a
species is absent from a site (Lugg et al. 2017). This is important, as false negative detections
—failing to detect a species that is present at a site (Guillera-Arroita et al. 2010b)— can be
detrimental to estimates of site occupancy, and bias inferences regarding the impacts of
threatening processes on species distributions (Lahoz-Monfort et al. 2014) . Environmental
DNA (eDNA) sampling —the detection of intra- or extra-cellular DNA in environmental
samples— has been shown to result in high detection probabilities for many species (Wilcox
et al. 2016; Lugg et al. 2017). Environmental DNA sampling not only achieves high detection
probabilities but can be extremely efficient. Sampling eDNA at a site can be very quick —less
than 10 minutes depending on the water sampling method used. Thus, travel time between sites
becomes the limiting factor for large-scale eDNA studies. Recent studies have shown the
scalability of this sampling technique. For example, Biggs et al. (2015) sampled 75% of the
great crested newts’ (Triturus cristatus) 217,000 km? range using a citizen science program;
Pont et al. (2018) sampled fish along 524 km of river; and Fukumoto et al. (2015) sampled for
giant salamanders (Andrias japonicus) over an area of 1,000 km?. In marine environments,
even larger areas can typically be sampled because of the ease of movement of surveyors. For
example, West et al. (2021) surveyed bony fish, elasmobranchs and aquatic reptiles at 284 sites
along 700 km of coastline in northwest Australia; Closek et al. (2019) sampled marine

vertebrates within five geographic regions along a 539 km route on the west coast of the USA;
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and Fraija-Fernandez et al. (2020) collected samples for fish across an area of 120,000 km?.
Environmental DNA sampling therefore has the potential to revolutionise large scale (>1,000

km?) studies of species distributions.

Site occupancy-detection models (SODM) are an ideal method with which to analyse eDNA
data and have been used previously in eDNA studies to great effect (Doi et al. 2019;
Mcclenaghan et al. 2020; Bush et al. 2020). These models allow for imperfect detection to be
incorporated at the different levels of the inherently multi-staged process of eDNA sampling
(site, water sample, technical replicate). SODM have been used in single-species (e.g., qPCR)
eDNA studies (Schmidt et al. 2013; Hunter et al. 2018) as well as multi-species (eEDNA
metabarcoding) studies (Doi et al. 2019; Bush et al. 2020; Mcclenaghan et al. 2020). For
example, SODM have been used to compare eDNA sampling to traditional methods (McColl-
Gausden et al. 2021) and to optimise study design efficiency (Fukaya et al. 2022).

An additional benefit of using SODM with eDNA data —one that has received little attention
in the eDNA literature to date— is that effects of covariates can be estimated at the site, sample,
or technical replicate level. Including covariates in SODM enables researchers to estimate the
impacts of landscape- or site-level factors on occupancy or detection. For example,
Mcclenaghan et al. (2020) used SODM to estimate the impact of water depth at the site level,
and sequencing depth at the technical replicate level, finding that mean occupancy probability
decreased with increasing water depth. Because eDNA sampling is particularly suited to rapid,
large-scale surveys, it is ideal for understanding species distributions along broad
environmental gradients. Environmental DNA sampling can therefore inform species’ habitat
requirements, as well as shed light on species responses’ to global change, such as the effects

of extreme droughts or fire events (Ward et al. 2020).

In this chapter, we demonstrate the large spatial scale over which eDNA data can be efficiently
collected for a freshwater monotreme endemic to eastern Australia —the platypus
(Ornithorhynchus anatinus). This iconic species has been recently classified as vulnerable in
the state of Victoria, Australia and is classified as Near Threatened by IUCN (Woinarski and
Burbidge 2016). However, there remains substantial uncertainty regarding the extent of the
species’ decline, as well as the threats that have led to its imperilment (Hawke et al. 2019).
Platypuses are cryptic and largely nocturnal, foraging in rivers and streams, and occupying
burrows in riverbanks (Serena et al. 1998). Incidental observations of platypuses are therefore

uncommon, although targeted citizen science programs are increasing in popularity. Moreover,
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targeted platypus surveys, which commonly use fyke or gill nets (Serena et al. 2014), are time-
consuming. Traps must be checked regularly, and sometimes continuously (Serena et al. 2014),
and thus trapping can only be deployed over small spatial scales without extensive coordinated
effort. In addition, repeated trapping surveys (>5) are needed to achieve a high probability of
platypus detection (Lugg et al. 2017). These factors are compounded by the fact that platypuses
occur across a very large area of eastern Australia (Woinarski and Burbidge 2016), making it
difficult to monitor changes in the species’ distribution and status. A detection method is
therefore needed that can be used to quickly and accurately monitor the species’ distribution
and investigate the impacts of threatening processes. Previous research has shown that eDNA
sampling is more sensitive and cost-efficient than trapping for detecting platypuses (Lugg et

al. 2017), and thus may be suitable for this purpose.

We use eDNA surveys, based on a stratified sampling design, across 584,292 km? of south-
eastern Australia—encompassing ~37 % of the estimated platypus distribution— to determine
how landscape- and site-level factors affect platypus occupancy. To the best of our knowledge,
this work represents the largest systematic eDNA sampling program conducted to date,
shedding insight into factors that impact the species distribution and providing a benchmark

for evaluating their conservation status.

3.3 Methods

Study area and site stratification

This study focused on a 584,292 km? area of south-eastern Australia, encompassing the states
of Victoria and New South Wales, and the Australian Capital Territory (Figure 3.1A) and
approximately 37% of the platypuses’ distribution (Figure 3.1B). This area includes temperate,
alpine, and grassland regions across 12 Interim Biogeographic Regionalisation for Australia
(IBRA) bioregions (see Appendix C for a list of bioregions). Rainfall, temperature, and
vegetation vary significantly across the study region. Annual rainfall varies from 1500 mm in
alpine areas to 200 mm in the west. Mean maximum temperature varies from 24 °C to 9 °C

and mean minimum temperature varies from 9 °C to 0 °C (Bureau of Meteorology 2021).

Contracted catchments (Commonwealth of Australia 2012) were chosen as sampling units.
These catchments are calculated from a nine-second digital elevation model with a contracted

node —a feature in the landscape such as a significant monitoring location or the confluence
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of two major rivers— at the outflow point. Only contracted catchments that were within a
buffered 5 km area around major rivers (Commonwealth of Australia 2012) were considered.
This subset of contracted catchments was then used to develop a random stratified design.
Contracted catchments were stratified by vegetation state, defined using the 5-km national-
level Vegetation Assets, States and Transitions (VAST) dataset for Australia (Lesslie et al.
2010). VAST classifies vegetation according to its degree of anthropogenic modification from
a natural state. The classes (from least human modification to most) consist of residual bare,
residual, modified, transformed (native), replaced and removed. Contracted catchments were
assigned a VAST class based on the predominant class across the catchment. Catchments were
then selected at random to produce an even number (where possible) of catchments within each
VAST class. This resulted in the selection of 215 contracted catchments across the study area
(see Appendix C, Figure C.1). Ten contracted catchments were selected in the removed (urban)
class (as there were less contracted catchments classified as urban available to select); all other
selected catchment classes varied between 42 and 56 selected catchments. Extensive wildfires
(Ward et al. 2020) during sampling prevented some catchments from being visited, and thus
35 additional contracted catchments were added to the sampling program. These additional
catchments were in the same stratification classes as those affected by fire. Within each of the
selected catchments, the number of sites sampled increased with waterway length, such that
between three and 12 sites were sampled within a catchment (see Appendix C for details). Site
were selected based on accessibility within the selected contracted catchment. There was also
an attempt to sample sites further than 7 km away from each other to assist with site

independence from downstream transport (Fremier et al. 2019; Shogren et al. 2019).

eDNA sampling

Environmental DNA sampling took place from August 2018 to April 2021, with no sampling
occurring during the summer months of November to February when females and offspring
spend large amounts of time in burrows. Sampling was focused, where possible, on the peak
platypus activity times of spring and autumn, with some opportunistic sampling occurring in
Winter of 2020 due to sampling restrictions associated with the COVID-19 pandemic. At each
site, two independent water samples were taken (Lugg et al. 2017). Two disposable syringes
(60-mL Luer Lock sterile syringes; Hapool medical Technology, Shandong, China) were used
to draw water from different microhabitats along the water’s edge. A maximum of 500 ml of

water was then pushed through a detachable 0.22 um filter by hand. by collecting multiple 60-
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mL samples at a time. The maximum volume was sometimes not achieved if the filter clogged
(GP 22um Filter Unit; Sterivex, EMD Millipore corporation, Billerica MA, United States).
Samples were stored in a car fridge for a maximum of three days until frozen, or frozen on site
until DNA could be extracted.

Environmental variables

The dataset was analysed in two different ways as a potentially influential dataset (a zero-flow
index) was only available for the state of Victoria, and not across the whole sampled region.
For the first analysis using all available data, at each site, several environmental variables were
collected. The following variables were collected on an ordinal scale of 1-5, with 1 being very
poor and 5 being excellent (see Appendix C Table C.1): bank erosion, bank vegetation
(immediately adjacent [< 2 m] to water), verge vegetation (riparian zone), banks suitable for
burrowing, instream complexity, and channel complexity. Stock access and human activity

(e.g., litter, presence of campfires) were scored as present or absent.

We also estimated environmental attributes of each site using a variety of spatial layers. Land
use was estimated using the Dynamic Land Cover dataset (Geoscience Australia, 2017);
original categories were condensed into five categories (mines and urban areas, waterbodies,
pasture and cropping [agriculture], grasslands and shrubs, and forested). We used this refined
dataset to calculate the proportion of each contracted catchment covered by each land use
category. The only exception was urban land use, which was modelled as a binary variable due
to the high prevalence of zeros. Total runoff for each contracted catchment from 2018-2019
was calculated as a proxy for water availability, using runoff data from the Australian Water

Resources Assessment Landscape model (Frost et al. 2018).

For the second analysis, we analysed a dataset consisting of 309 sites across Victoria, Australia
(Appendix C, Figure C.2) to incorporate a spatial dataset, exclusive to the state of Victoria,
containing an index of days of zero-flow annually, a potentially important correlate of platypus
occupancy. In this zero-flow dataset, a higher index value corresponds to fewer zero-flow days
annually, compared to other river systems in Victoria. The Victorian eDNA analysis
incorporated water samples from all Victorian sites from the dataset described above, as well
as samples from an additional 58 sites around Melbourne that were collected using the same
methods as described above. Covariates in this second analysis included land use (Dynamic

Land Cover dataset) and runoff across the catchment (as above), in addition to the annual zero-
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flow data obtained from The Victorian Department of Environment, Land, Water and Planning.
Annual zero-flow data were in point form and therefore the nearest data point to the sampling
location following the river network was obtained using QGIS (QGIS Geographic Information
System 2021).

DNA extraction and gPCR

DNA was extracted from Sterivex filters using Qiagen DNeasy Blood & Tissue Kits (Spin-
column protocol) in a room that is dedicated to low-quantity DNA sources with qPCR setup
undertaken in a sterilised laminar flow hood. Into each filter unit, 540 pL of ATL buffer and
40 pL of proteinase K was added and then each filter was sealed and incubated for 3 hours at
56 °C with constant agitation. The lysis solution was transferred into new 2 mL tubes. The
manufacturers protocol was followed for the rest of the DNA extraction with some minor
adjustments; 500 uL AL buffer, 500 pL ethanol, and a final elution step of 100 pL. AE buffer
was used for each sample. Included in every batch of DNA extractions (~24) was a negative

DNA extraction control (that replicated the process using a sterile Sterivex filter).

Species-specific primers and TagMan® probe targeting the platypus Cytb mitochondrial
control region used in this study were from Lugg et al. (2017). Sequences for the primers/probe
were; forward primer OAcr_ F CAGCAATACCCTAGACAAGG, reverse primer OAcr_R
CGCTTCAATGGCTGCGC, and MGB probe OAcr_MGB
CGAACCCCATGAGTAGAAAAT. Assays were from Life Technologies (Thermo Fisher

Scientific) as a custom TagMan® gene expression assay.

Using a Roche LightCycler 480 system in a 384-well format, Real-time TagMan® PCR assays
were conducted in 10 pL reaction volumes containing: 5 pL of 2 Qiagen multiplex PCR Master
Mix (Qiagen), 0.5 pL 20x TagMan® Gene Expression Assay, 2.5 pL. ddH20 and 2 pL. of DNA
were prepared in triplicate. In each 384-well assay plate, control reactions containing 10, 100,
1000, 10000, 100,000 copies of O. anatinus Cytb synthetic oligonucleotide (Integrated DNA
technologies, Baulkham Hills, NSW, Australia). A negative gPCR control with no DNA
template and all DNA negative controls extracted at the same time as samples were also
included. Amplification occurred under the following conditions: 15 min at 95 °C, 15 s at 95
°C and 1 min at 60 °C for 50 cycles. Crossing point (Cp) values were determined from the
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amplification profiles of PCR using the Absolute Quantification module of the LightCycler®
480 software package. To test for the presence of PCR inhibitors, a TagMan® Exogenous
Internal Positive Control VIC probe was also run for each sample. If inhibition was detected,
samples were diluted (1:10) and the gPCR analysis was repeated. The efficiency of all g°PCR

reactions was >98% and all negative controls (extraction or g°PCR) were negative.

Model description

The observed data were binary detection/non-detection observations of platypus eDNA in three

gPCR replicates k (1,2,3) per water sample j (1,2) at site i (1,2...n).
Equation 1. z;i~Bernoulli(y;)

Equation 1 describes the occupancy of the species at site i (zi=1 where the species is present,
and zi=0 where the species is absent), given the probability of occurrence of the species at site

i (10).
Equation 2. logit(i;) = Y.intercept + By * covy, + Vi + Yeatchment

Equation 2 shows that probability of occurrence at site i (y;) is a logit function of an overall
intercept (1. intercept) and one or more covariates. Covariates are either in the form of ordinal
sequences from one to five, continuous values between 0 and 1, or binary presence/absence
(See Appendix C Table C.1). A positive B estimate for a continuous predictor variable (e.g.,
runoff) indicates platypuses are more likely to occupy sites with higher values of that covariate,
whereas a positive 3 estimate for a categorical variable (e.g., presence of stock access) indicates
that platypuses are more likely to occur when that variable is present. For ordinal covariates, a
positive [ estimate suggests that platypuses are more likely to occupy a site with the
characteristics of that level compared to the baseline (very poor) level. This equation also
incorporates random effects for catchment (Y qtchment) fOr the first broad-scale analysis, and

a random effect for site (y;) for the Victorian analysis.

Equation 3. al-j|zl- ~ Bernoulli (Zieij)
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Equation 3 describes the presence of the species’ DNA in a water sample (a;;|z; = 1 where a
species DNA is present, and a;;|z; =0 when it is absent, at site i, for water sample j). This is a

function of the occurrence of the species” eDNA as well as the availability probability 6;;.
Equation 4. Yijklaij~Bernoulli(a;;p;jx)

Equation 4 describes the detection process (y;jx|a;j=1 where the species is detected, and
vijlz;=0 where the species is not detected), at site i for water sample j and in replicate k. This
is a function of the occurrence (zi) of the species at site i as well as the probability of detecting
the species’ eDNA (pijx) at site i in water sample j in replicate k, given it is available to detect
(a;;). Prior distributions were specified on the logit scale, where v, p and 8, were normally

distributed with a mean of 0 and a precision of 0.1.

Model selection

To select which covariates to use in the final model for both datasets, we used the waic function
in the R package msocc (Stratton et al. 2020). We ran all model combinations for 1000
iterations each and selected the model with the lowest waic value. The selected model was then
evaluated via inspection of Dunn—Smyth residuals (Warton et al. 2017) to determine whether

covariates should be included as quadratic terms (Appendix C, Figures C.3-C.9).

Model fitting

We fit the model using the package rjags v.4-8 in R version 3.6.3 (R Development Core Team,
2020) and model code is provided in Appendix C. Three model chains were run for 350,000
iterations each. The first 50,000 samples were discarded as the burn-in, and the remaining
samples were thinned by 1000, resulting in a posterior sample of 300 samples per chain.
Convergence was checked visually using trace plots from the jagsUI package v.1.5.0, which
indicated that chains were well mixed. Gelman-Rubin statistic values R were below 1.1,

indicating successful convergence of chains.

Simulations

To ensure our model was able to accurately estimate effects of covariates on occupancy
probability, we conducted model simulations. We simulated 500 datasets using the data
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structure from our broad-scale sampling (504 sites, 2 water samples per site, 3 gPCR replicates
per sample). We considered an ordinal covariate ranging from 1-5 (e.g., erosion), and a numeric
covariate with a value between 0 and 1 (e.g., the proportion of a catchment covered in a
particular land use type). Availability and detection probabilities were set at 0.9 and 0.8,
respectively. The occupancy probability intercept (y) was varied between 0.2, 0.5 and 0.8. The
B coefficients for the ordinal and numeric covariates were -1, -0.5, 0, 0.5 and 1. Each of the
500 simulated datasets was used to fit the model described above (Equations. 1-4), and the
mean estimate of each [ coefficient was retained, resulting in 500 estimates of each f

coefficient for each y and B coefficient combination (e.g., y=0.2 and p=-1).

3.4 Results

Between August 2018 and May 2021, we visited 777 sites across the study area. We took water
samples (total n = 1,008) from 504 of these sites spread across 159 contracted catchments, due
to a lack of safe access or water availability at some sites. All negative DNA extraction and
gPCR controls were negative. For the broad-scale dataset, platypus eDNA was detected in at
least one qPCR replicate in one water sample at 272/504 sites and was detected in at least one
gPCR replicate for both water samples at 241/504 sites (Figure 3.1A). For the Victorian data,
platypus eDNA was detected in at least one gPCR in one sample at 150/289 sites, and in at
least 1 gPCR in both samples at 128/289 sites (Appendix C, Figure C.2).
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Figure 3.1: A: Map of gPCR results from sampled sites. Orange=site was negative in all water samples and all gPCRs for platypus eDNA. Green= site was positive for platypus eDNA in at least 1
gPCR replicate in at least 1 sample. Grey=study area. B: Estimated platypus distribution (Woinarski and Burbidge 2016) and the overlap of estimated platypus distribution with the study area.
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Model selection

The model for the broad-scale analysis with the lowest waic value included 8 covariates: human
disturbance, erosion, bank vegetation, burrowing banks, agriculture (cropping and pasture),
grasslands and shrubs, forests, and runoff. Diagnostic plots based on Dunn—Smyth residuals
suggested that grasslands and shrubs, forests, and runoff should be incorporated as quadratic
terms (Appendix C, Figures C.3-C.6).

For the Victorian analysis, the model with the lowest waic value included three covariates:
urban areas, runoff, and annual zero-flow days. Diagnostic plots based on Dunn—Smyth
residuals of occupancy suggested that none of the covariates should be incorporated as
quadratic terms (Appendix C, Figures C.7-C.9).

Occupancy modelling

The mean probability of occupancy across sites used in the broad-scale analysis was 0.55 (95%
credible intervals (Cl1):0.20, 0.86), the availability probability was 0.90 (95% CI: 0.87, 0.93),
and the detection probability was 0.78 (0.75, 0.80). The estimated number of occupied sites
was 275.2/504. A confusion matrix is provided in Appendix C Table C.2 to compare the
observed occupancy and estimated occupancy for each site. A threshold of 0.5 was used to
convert the predictions to binary values. A plot of random effects is provided in Appendix C
Figures C.10 and C.11. For the Victorian dataset, the mean probability of occupancy was 0.54
(95% CI: 0.26, 0.81), the availability probability was 0.89 (95% CI: 0.87, 0.93) and the
detection probability was 0.78 (95% CI: 0.75, 0.81). The estimated number of occupied sites
was 157.6/289.

For the broad-scale analysis, effects of covariates on occupancy probability were varied and
predominately uncertain (Figure 3.2). Occupancy probability increased with less erosion and
more suitable bank vegetation at the site scale, although effects were uncertain across all
condition levels (B estimates overlapped zero). Overall, the quality of burrowing banks at the
site scale had a positive effect on platypus occupancy (Figure 3.3). Using very poor as a
reference category, coefficients were uncertain for the poor and excellent categories, although
coefficients for both categories were, on average, larger than for preceding categories.
Coefficients for the fair and good categories were the most certain (fair mean = 1.41, 95%
credible interval (Cl) = 0.64, 2.24; good mean = 1.93, Cl = 0.84, 3.09) (Figure 3.2).
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At the catchment scale, the coefficient for the effect of runoff was positive and 95% credible
intervals did not overlap zero, suggesting that probability of occupancy increased with
increasing runoff (mean = 0.71, 95% CI = 0.06, 1.37) (Figure 3.2). The linear and quadratic
terms for grasslands and shrubs also did not overlap zero (linear mean =-0.85, 95% CI =-1.46,
-0.37; quadratic mean = 0.19, 95% CI = 0.0004, 0.40). The coefficient describing the effect of
agricultural land use on occupancy was negative and did not overlap zero (mean = -0.34, 95%
Cl =-0.70, -0.009). Thus, at the catchment scale, probability of platypus occupancy increased
with water availability, and decreased with an increase in the proportion of a catchment covered

by grasslands and shrubs, and agriculture (Figure 3.3).
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Parameter estimate
Figure 3.2: g coefficients describing effects of environmental covariates on platypus occupancy. Points are the

mean and lines are the 95% credible intervals. Green lines do not overlap zero, orange lines do overlap zero.
Bank vegetation and burrowing banks covariates are in comparison to a reference category (very poor).
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Figure 3.3: Platypus occupancy probability as a function of the proportion of the amount of runoff in a contracted
catchment, the proportion of a catchment covered by agriculture or shrubs and grasslands, and the condition of
banks for burrowing (reference category=very poor) (Broad scale analysis)

For the Victorian dataset, the coefficient for the effect of urban land-cover on occupancy was
negative but uncertain (Figure 3.4). Probability of platypus occupancy increased with runoff in
the catchment (mean =0.53, 95% CI = 0.18, 0.94), and with fewer annual zero-flow days (mean
=0.60, 95% CI = 0.247, 1.03) (Figure 3.5). See Figures C.12-C.19 (Appendix C) for plots of

predicted occupancy as a function of all other covariates.
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Figure 3.5: Response of occupancy probability to zero-flow index and runoff (Victorian data dataset)

Simulations

Our model design was generally able to correctly estimate the B parameters we set, whether
they were on the ordinal scale or numeric. For example, when  was set at 0.5, the estimated 3
from the model was between 0.50 and 0.52 when y=0.2, between 0.53 and 0.56 when y=0.5
and between 0.61 and 0.64 when y=0.8 (Appendix C, Figures C.20-C.34).
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3.5 Discussion

Predicting and mitigating the impacts of global change on biodiversity requires an
understanding of species contemporary distributions, and the factors that limit those
distributions. Our results demonstrate that eDNA sampling can be used to rapidly obtain
species distribution data over vast spatial extents, providing an efficient means to understand
the effects of environmental covariates on occupancy. Below, we use our case study as an
exemplar to describe the benefits of eDNA for surveying and modelling widespread species,
such as the platypus, before discussing the implications of our findings for the monitoring and

conservation of this iconic species.

Using eDNA to monitor and model species distributions

The platypus is an iconic Australian monotreme that is widely distributed across eastern
Australia. With this wide distribution comes challenges for monitoring occupancy and
distribution over space and time. Large spatial extents and remote sites necessitate efficient
survey methods, so that species distributions can be sampled appropriately. This challenge is
not specific to platypuses, but applies to many aquatic species across Australia, and globally
(Bohmann et al. 2014; Deiner et al. 2017). Our case study demonstrates that eDNA sampling
shows great promise in this regard. We undertook eDNA sampling across 584,292 km?,
encompassing approximately 37% of the platypus’ distribution. To the best of our knowledge,
this is the largest-scale use of aquatic eDNA sampling to date using a systematic study design.
This comprehensive study will allow future surveys to understand whether distribution
contractions are occurring through time, especially in the marginal areas of the platypus

distribution.

The efficiency of eDNA sampling is further evident from the amount of time taken to sample
this vast area. Environmental DNA samples can be taken quickly and efficiently in the field;
sites can be sampled within a matter of minutes. Indeed, all eDNA sampling for this study
occurred over 86 sampling days. Importantly, the efficiency of eDNA sampling does not come
at the cost of reduced sensitivity; in fact, numerous studies have demonstrated higher sensitivity
of eDNA sampling compared to traditional methods in aquatic environments (Piggott et al.
2021; Plante et al. 2021; Fediajevaite et al. 2021; McColl-Gausden et al. 2021), including
studies of platypuses (Lugg et al. 2017). It is also important to note that all sampling was
conducted predominately by two people. With a larger number of people working
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synchronously, vast areas could be sampled, enabling widescale monitoring over a short period
of time. Citizen science programs are one example where this type of synchronous sampling
could be achieved, as has been demonstrated for the great crested newt in the United Kingdom
(Biggs et al. 2015).

Our demonstration of the scalability of eDNA sampling is conservative, in that the large-scale
and systematic nature of this study resulted in some sites being visited and not sampled. Sites
were selected based on remote layers of watercourses, which in some circumstances can be
inaccurate. In other cases, streams were dry or inaccessible because of current environmental
conditions. The timescale of the study meant that we experienced a large range of
environmental impacts on our sampling, from droughts to floods and widespread catastrophic
wildfires. In these circumstances where selected catchments were impacted by environmental
events, they were not sampled or not included in this analysis to reduce external variation in
the data, as these factors were not accounted for in our analysis. However, the broad-scale
sampling from our dataset demonstrated another use. We were able to provide extensive pre-
fire data on platypus occupancy across the large area burnt by the 2020/2021 mega-fires in
south-eastern Australia.

Monitoring efficiency could be further improved using eDNA metabarcoding, which enables
synchronous monitoring of many species from different taxonomic groups, including those that
are native, threatened, or invasive. This community-level approach could be easily
incorporated into large-scale monitoring programs, as different survey techniques are not
required for different species or groups (e.g., electrofishing for fish; acoustic surveys for

anurans; trapping for platypus).

Our case study also demonstrates that eDNA sampling is amenable to sampling remote
locations, which are likely to be encountered when monitoring widespread species.
Environmental DNA sampling can be undertaken relatively safely (Crookes et al. 2020), as no
direct access to the water is needed (sampling poles can be used if necessary). Furthermore,
specialist training is not necessary (Ji et al. 2013), and sampling requires little equipment,
which is in stark contrast to most traditional methods for monitoring aquatic species (e.g.,
trapping or electrofishing). In field preservation techniques are also improving, reducing the

need for refrigeration or freezing of samples in remote locations (Spens et al. 2017).
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The above considerations show that eDNA sampling unlocks the possibility of widescale
monitoring of species distributions. It enables collection of baseline data on species
distributions to be established, to monitor the effects of global change more accurately. This is
a vital step in understanding and predicting how biodiversity will change in the future.

Effects of environmental covariates on platypus occupancy

Site occupancy-detection models are being increasingly used to analyse eDNA data, as they
can account for the hierarchical nature of eDNA data (site, sample, and gPCR) and allow for
imperfect detection to be incorporated at each of these levels. These models also allow for
covariates of interest to be included at any of the levels. In this study, we investigated how
landscape and site-level covariates impacted the occupancy of our target species. However,
these models can be adapted so that effects of covariates on detection or availability
probabilities can also be investigated.

Using our dataset, a general positive trend emerged, whereby platypuses were more likely to
occupy sites with more suitable site characteristics, such as more suitable banks for burrowing
compared to less suitable (very poor) sites. It has been shown in previous studies that
platypuses prefer sites with overhanging vegetation to stabilise banks for burrowing and to
provide cover for burrows (Grant and Temple-Smith 1998; Serena et al. 1998). Therefore,
suitable bank vegetation and erosion levels are beneficial for platypus occupancy. Land uses
such as grasslands and shrubs and agriculture showed a negative effect. These land use
categories may not support the habitat requirements for platypuses at a site level. For example,
they may be less likely to have bank or verge vegetation to reduce erosion of banks used for

burrowing.

South-eastern Australia is a highly modified landscape. Approximately 44% of Australian
forests and woodlands have been cleared since European settlement and 39% was cleared prior
to 1972 (Metcalfe and Bui 2016). In recent years, land clearing has stabilised in the states of
Victoria and NSW, where this study takes place, but increasing development in urban and peri-
urban areas is putting pressure on remaining native vegetation and flood plains (Jackson et al.
2016). The historic distribution of platypuses is difficult to estimate due to a lack of historic
data, and therefore declines are difficult to estimate. Recent estimates suggest however, that
platypuses have declined from some catchments they used to inhabit (Hawke et al. 2019),

largely attributed to a historical fur trade, river regulation and habitat destruction. Our data
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suggests that currently, platypuses are less likely to occupy sites impacted by land clearing
such as those with less suitable banks for burrowing, and in areas with grasslands and shrubs
or agriculture. This supports previous studies considering the habitat preferences of platypuses
(Grant and Temple-Smith 2003; Bino et al. 2020).

Our analysis also suggests that platypuses were more likely to occupy sites with a higher
amount of runoff across the contracted catchment. Runoff in this study was used as a proxy for
how much water was available in the system. The Victorian dataset also showed that platypuses
were more likely to occupy sites in contracted catchments with a higher level of runoff and less
zero-flow days (higher index value), highlighting the need for platypuses to have adequate
flows. Platypuses feed predominately on aquatic benthic macroinvertebrates (McLachlan-
Troup et al. 2010). Droughts and zero-flow days exacerbated by water regulation and extraction
(Bino et al. 2019) could therefore have a negative impact on platypus occupancy due to prey
availability or abundance (Marchant and Grant 2015). This has been evidenced in western
Victorian where platypus populations dropped dramatically after a 10-year drought during the
early 2000’s (Griffiths and Weeks 2013; Griffiths et al. 2016; Griffiths and Weeks 2018).

The availability of water in the future, and how it relates to platypus occupancy is uncertain.
There has however been medium agreement between climate models that there will be a
substantial decrease in spring and winter rain in eastern Victoria and the Murray basin, and
high model agreement for a substantial decrease in spring and winter rain for western Victoria
(Hope et al. 2018). Summer and autumn rainfall predictions are uncertain because of
meteorological processes. A decrease in rainfall could negatively affect platypus distribution
into the future, given their occupancy is positively correlated with increased runoff and less
zero-flow days. Drought as well as habitat clearing have been shown to negatively impact
platypus metapopulation estimates with the combined effects of fragmentation, habitat
destruction, and drought, under climate change projections platypuses are predicted to decrease

metapopulation occupancy by between 35.6% to 55.5% (Bino et al. 2020).

Across both analyses, there were environmental covariates for which the relationship between
occupancy and the covariate was uncertain. This could be because there is no effect of that
covariate on the occupancy of this species, that we need more data to tease apart these
relationships. For example, there were only 45/504 sites which had an excellent level in the
erosion category. Whilst stratification occurred on the larger scale land use categories, fine-

scale site-level variables could not be stratified in this study. However, a dataset such as this
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can be built-on in the future, to provide more data which could help increase the sample size

for some categories.

Despite some uncertainty in some selected land use or site categories, our results support
previous research into the habitat requirements of platypuses. This demonstrates that large-
scale, systematic eDNA surveys can be used to gather data on factors affecting the occupancy
of species. These analyses and datasets are a starting point for larger scale data collection on
platypus occupancy and can be used as a baseline structure for large-scale studies of other

species.

3.6 Conclusions

This study represents the largest scale use of eDNA sampling using a systematic study design
to date. We demonstrate that eDNA sampling can be conducted efficiently over large spatial
scales in south-eastern Australia and that this data can be used to understand how landscape or
site characteristics affect a species occupancy. These methods can be applied to aquatic species

monitoring globally.
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Chapter 4

The impact of the 2019/2020 mega-fires
on platypus occupancy In south-eastern
Australia
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4.1 Abstract

Fire can play an important role in ecosystems, but extreme mega-fires are increasing the area
burnt in forested regions globally. The 2019/2020 mega-fires in south-eastern Australia were
unprecedented with respect to the amount of area burnt and the spatial extent of high severity
fire. Yet, there is limited knowledge regarding the impact of these mega-fires on biodiversity,
especially aquatic fauna. Here we investigate the impact of the 2019/2020 mega-fires on the
distribution of a semi-aquatic monotreme thought to be in decline: the platypus
(Ornithorhynchus anatinus). Whilst platypuses are buffered from many direct effects of fire,
they may be impacted post-fire by vegetation loss, and increased run-off and debris. To
investigate impacts of the 2019/2020 mega-fires, we leveraged extensive pre-fire
environmental DNA (eDNA) sampling across south-eastern Australia to conduct a Before-
After Control-Impact study. We sampled 118 sites pre-fire (2018/2019) and sampled the same
sites again at two timepoints post-fire (2020 and 2021). We used site occupancy-detection
modelling to estimate the probability of platypus occupancy across burnt and unburnt sites
during the different sampling periods. We also investigated the extent to which rainfall post-
fire interacted with the proportion of a watershed burnt at high severity. We did not detect a
significant effect of fire presence on platypus distribution: occupancy probability increased
similarly post-fire in both burnt and unburnt sites. However, we did detect a significant
interaction between rainfall post-fire and the spatial extent of high severity fire: platypus
occupancy was predicted to be lower at sites where there was high rainfall post-fire, and a large
proportion of the watershed burnt at high severity. This finding is consistent with previous
studies of fire impacts, whereby the greatest threat to aquatic fauna is high rainfall post-fire.
With area burnt increasing globally, and predictions of more extreme rainfall events in south-
eastern Australia, the impact of fire on aquatic fauna needs greater consideration in post-fire

assessments and biodiversity management more generally.
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4.2 Introduction

The 2019/2020 “black summer” mega-fires were unprecedented in scale and severity (Boer et
al. 2020; Bowman et al. 2020; Collins et al. 2021). Thirty-three people were killed, 3,000
houses were destroyed, and almost 19 million hectares were burnt (Filkov et al. 2020). The
fires occurred near the conclusion of the warmest and driest year on record for both Australia,
and the area affected (south-eastern Australia) (Abram et al. 2021). Averaged across south-
eastern Australia, annual mean rainfall was the lowest on record in 2019 (Abram et al. 2021).
The 2019/2020 fire season resulted in a cumulative fire extent that was greater than in previous
seasons, and the absolute area of high severity fire was larger than previously observed (Collins
et al. 2021). However, these mega-fires were not an isolated incident. There is evidence that
forest fires are becoming larger in extent and more frequent in many biomes across Australia
(Nguyen et al. 2020). Yet the impact of fire and changing fire regimes on biodiversity,
particularly aquatic fauna, remains largely uncertain (Verkaik et al. 2014).

Fire severity is defined as the loss or change in organic matter resulting from fire (Keeley
2009). In Australian forests and woodlands, fire severity is typically quantified as the degree
of scorch and consumption of the foliage (Hammill and Bradstock 2006). Fire severity can be
important for determining the effects of fire on species (Smucker et al. 2005; Chia et al. 2016),
as severity determines both direct and indirect effects via changes to vegetation and habitat
suitability (Benyon and Lane 2013; Collins 2020). For example, the indirect effects of wildfire
on aquatic fauna may depend on interactions between fire severity and post-fire rainfall.
Erosion and sedimentation should increase in areas with a high degree of foliage removal (i.e.,
high severity fire), and in the presence of high rainfall events. However, these effects may be
short-lived in resilient ecosystems such as eucalypt forests, owing to the prevalence of species

that can resprout shortly after fire (Clarke et al. 2015).

The platypus is an iconic, semi-aquatic monotreme that was highlighted as potentially impacted
by the 2019/2020 mega-fires by the Australian Commonwealth (Legge et al. 2020). Platypuses
feed on macroinvertebrates and use the banks of rivers and streams for burrowing (Serena et
al. 1998). The species is widespread, ranging from Tasmania in Australia’s temperate south, to
Queensland in mainland Australia’s tropical north (Woinarski and Burbidge 2016). Historical
data on platypus distribution is sparse, but the species was previously assumed to be common.
However, there is increasing evidence to suggest the platypus is under threat, particularly in
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urban and agricultural landscapes (Woinarski and Burbidge 2016). Indeed, available evidence
suggests platypus populations may have been extirpated or are currently declining in some
catchments, such as those in Queensland and western Victoria (Bino et al. 2020). Yet the
impact of fire on platypuses remains poorly understood. Wildfires were identified as a major
factor in the extirpation of an isolated platypus population near Melbourne, Victoria (Serena
and Williams 2004). In addition, population viability analyses suggest that the synergistic
effects of drought and fire could impact platypus recruitment and density (Bino et al. 2021).
However, environmental, or human induced flows could potentially ameliorate the impacts of
fire on platypuses. At a site in western Victoria, consistent flows were released from an
upstream impoundment after an intense but localised fire, and effects of the fire on platypus
populations were limited (Griffiths and Weeks 2014). Nonetheless, our current understanding
of fire impacts on platypuses largely stems from anecdotal observations or studies
encompassing few sites. To date, there have been no rigorous landscape-scale studies of

platypus responses to fire.

As a semi-aquatic species, the platypus is largely buffered from the primary impacts of fire
(e.g., direct mortality). However, secondary impacts, including habitat degradation and reduced
water quality, may pose a significant threat. Recently-burnt areas are often susceptible to
erosion, which, in combination with heavy rainfall post-fire, can result in debris flows (Nyman
et al. 2020) or the movement of suspended sediment “slugs” and nutrients downstream
(Shakesby et al. 2007). For example, two weeks after the containment of the 2020 wildfire in
Green Wattle Creek, New South Wales, Australia, 276 mm of rain fell in 72 hours (Neris et al.
2021), resulting in sediment and ash loads being transported into a reservoir used for the urban
drinking supply of Sydney. Fish abundance can decline as a result of fire-induced sediment
slugs moving downstream, and impacts on abundance can be evident even after 12 months
(Lyon and O’Connor 2008). Furthermore, aquatic macroinvertebrate assemblages can be
altered by fire (Verkaik et al. 2014; Verkaik et al. 2015; Robson et al. 2018) and abundances
can be reduced, especially when high rainfall events and flooding occur after fire (Vieira et al.
2004). Aquatic macroinvertebrates are a primary food source for platypuses (Serena et al.
2014), and thus impacts on macroinvertebrates may impact platypus survival post-fire. While
the mechanisms outlined above remain speculative, they suggest that there are multiple

pathways through which platypus occupancy may be impacted by wildfire.
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As wildfire occurrence is difficult to predict, most studies of wildfire impact on fauna have
relied on space-for-time study designs (e.g., Bino et al. (2021), Verkaik et al. (2015)).
However, to rigorously establish whether a species’ distribution has been impacted by a
wildfire event, even in the short term, data on species occupancy prior to the event is crucial.
As platypuses are predominately nocturnal, incidental observations are not particularly
common. Furthermore, traditional sampling methods (fyke and gill nets; Serena et al. 2014)
are time-consuming to deploy and check, prohibiting routine landscape-scale monitoring.
Environmental DNA (eDNA) sampling is a technique that has been used more recently to
efficiently and accurately survey platypus occupancy across large areas (Lugg et al. 2017),

helping to alleviate the issue of a lack of baseline monitoring data.

Here, we investigate the impact of the 2019/2020 Australian mega-fires on platypus occupancy
in south-eastern Australia using an extensive dataset of pre-and post-fire eDNA samples. We
use this dataset to address the following questions: (i) does platypus occupancy decline in burnt
sites more than in control sites post-fire? and (ii) does the interaction between rainfall and fire

severity impact platypus occupancy?

4.3 Methods

Site selection

The study took place in south-eastern Australia. Sites were selected based on the presence of
pre-fire eDNA sampling and proximity to burnt areas (Figure 4.1). A total of 471 sites were
selected as candidates to sample post-fire. We used two different definitions to classify a site
as burnt: (i) whether fire was present in the watershed of a site; and (ii) whether a site was

directly inside the burnt extent. Analyses were repeated with both definitions.
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Figure 4.1: Study area in south-eastern Australia with fire extent in purple

eDNA sampling

Sampling occurred during three time points, hereafter called pre-fire, post-fire 1 and post-fire
2. Pre-fire eDNA sampling took place in 2018 and 2019. Post-fire 1 sampling took place in
March-November 2020 and post-fire 2 sampling in March-June 2021. Sampling was focused,
where possible, on the peak activity times of platypuses (i.e., spring and autumn), with some
opportunistic sampling occurring in winter of 2020 due to sampling restrictions imposed by
the COVID-19 pandemic. No sampling occurred during the summer months of November to
February when females and offspring spend large amounts of time in burrows. At each site,
two independent water samples were taken as per Lugg et al. (2017). Two disposable syringes
(60-mL Luer Lock sterile syringes; Hapool medical Technology, Shandong, China) were used
to draw water from different microhabitats along the water’s edge. Multiple draws of 60-mL
were used to push 500 ml through a detachable 0.22 um filter by hand (GP 22um Filter Unit;
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Sterivex, EMD Millipore corporation, Billerica MA, United States). The maximum volume
was not always achieved due to the filter becoming clogged. Samples were stored in a car fridge
for a maximum of three days until frozen, or frozen on site until DNA could be extracted in the
lab.

DNA extraction and gPCR

DNA was extracted from Sterivex filters using Qiagen DNeasy Blood & Tissue Kits (Spin-
column protocol) in a room that is dedicated to low-quantity DNA sources with qPCR setup
undertaken in a sterilised laminar flow hood. Modifications to the manufacturers protocol were
the same as in Lugg et al. (2017). Included in every batch of DNA extractions (~24) was a

negative DNA extraction control (that replicated the process using a sterile Sterivex filter).

Species-specific primers and TagMan® probe targeting the platypus cyt b mitochondrial
control region used in this study were from Lugg et al. (2017) with the same assay conditions
including custom TagMan® gene expression assay from Life Technologies (Thermo Fisher
Scientific). Amplification conditions were the same as in Lugg et al. (2017). A negative gPCR
control with no DNA template and all DNA negative controls extracted at the same time as
samples were also included. Crossing point (Cp) values were determined from the
amplification profiles of PCR using the Absolute Quantification module of the LightCycler®
480 software package. To test for the presence of PCR inhibitors, a TagMan® Exogenous
Internal Positive Control VIC probe was also run on each sample. If inhibition was detected,

samples were diluted (1:10) and the qPCR analysis was repeated.

Environmental variable selection

Three environmental covariates were included in one of our analyses; fire severity, rainfall and
the volume of water collected (Figure 4.2). Fire severity and rainfall were calculated at the
watershed scale to incorporate potential impacts of sediment flows and erosion post-fire, which
could impact aquatic organisms such as platypuses or their prey (Vieira et al. 2004).
Watersheds were calculated for each sampling point using the watershed tool from Whitebox
Tools (Lindsay 2014) in QGIS (QGIS Geographic Information System 2021).

Fire severity was mapped for forests, woodlands and shrublands across wildfires within each
watershed using Landsat imagery and a Random Forest classifier (Collins et al. 2018). The
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random forest classifier has been extensively trained and validated using data from wildfires
(n=44) across south-eastern Australia and has been found to have very high classification
accuracy (~88%) (Collins et al. 2020; Collins et al. 2021). Five severity classes were mapped
as: including unburnt areas, low canopy scorch (<20% scorch), moderate canopy scorch (20-
80%), high canopy scorch (>80%) and canopy consumption. Severity predictions were
reclassified as either high or low severity based on impacts to the canopy foliage in a vegetation
type (Appendix D, Table D.2). The high severity class incorporated defoliated canopy in forest,
woodland and shrubland areas, as well as burnt grasslands or pasture. Low severity included
canopies which were intact or partially defoliated in forest, woodland or shrublands. These
severity classes were targeted as areas with canopy defoliation are more prone to sediment
flows during heavy rainfall following fire (Dragovich and Morris 2002; Blake et al. 2020). The
proportion of each watershed covered by each of these severity classes (30 m resolution) was

used in the analysis of platypus occupancy described below.

Total daily rainfall (ml) across each watershed for the 60 days post-fire was calculated using
gridded rainfall data from the Australian Bureau of Meteorology (Bureau of Meteorology
2021) and Moderate Resolution Imaging Spectroradiometer (MODIS) burn date data (Giglio
et al. 2015). The last date of a fire burning in a watershed was used to determine the
commencement of the 60-day post-fire period. For example, if a fire in a watershed was
extinguished on January 10", daily rainfall for the 60 days after January 10" was summed
across the watershed. If a watershed did not have available date data for a particular fire, the
latest date within a 500 m buffer was used. All covariates were scaled and centred prior to

analysis.

The volume of water collected in each sample was included, as water volume could impact
eDNA availability (Machler et al. 2016). A summary of water volume data is presented in
Appendix D, Table D.3. The mean water volume collected across samples and visits varied
between 235.1 ml and 300.7 ml.
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Covariate 1: Fire severity Covariate 2: Rainfall

Burn date Date of last fire in Rainfall on that day + 59
watershed days across watershed

Covariate 3: Volume of water

Watershed

§ Sample 1 volume
2 1
Fire 7 &

severity

. § Sample 2 volume
Proportion covered by high and low 3
severity fire

Figure 4.2: Framework for calculating environmental covariates for use in the model. Covariate 1 shows fire severity classes across the landscape in orange (high severity) and purple
(low severity) and the watersheds used for each site. The proportion of each watershed covered by each severity type was then calculated. Covariate 2 shows how rainfall was calculated
for each site. The date of the last fire for each watershed was used to sum the rainfall across a watershed for the 60 days post-fire. Covariate 3 shows that the volume of water for each

sample at each site was recorded and used in the model.



Model description

Two models were used in this study. The first model considers wildfire to be a binary variable,
whereas the second model considers the finer scale variability of wildfire by incorporating fire
severity and post-fire rainfall across a watershed. For model 1, observed data was in the form
of binary detection/non-detection observations of platypus eDNA during visit i (1,2) at site j
(1,2...n) in water sample k (1,2) and gPCR replicate I (1,2,3).

Equation 1 zij~Bernoulli(v; ;)

Equation 1 describes the latent occupancy of the species at site j during visit i (zij=1 where the
species is present, and z;jj=0 where the species is absent), given the probability of occurrence

of the species at site j during visit i (1, ;).

Equation 2 logit(lpij) = logit(intercept. wj) + Bowrnt,i,j + Baster1ij + Bagter2ij +

.Bafterlburnt,i,j + ﬁafteerurnt_i,j

Equation 2 shows that the probability of species occurrence at site j during visit i is affected by
a sites pre-fire occupancy probability (intercept.ip;), whether the site is burnt or unburnt
during the 2019/2020 wildfire season (burnt,i,j, a binary indicator) and time since fire
(afterl,i,j and after2,i,j, both binary indicator variables with ‘pre-fire’ as the reference

category). An interaction between burnt status and time since fire (Bafteriburnti:

Bafterzburnt,i,;) 1S also included.
Equation 3 aijiclzij ~ Bernoulli (z;;0j;)

Equation 3 describes the latent presence of the species’ eDNA in a water sample during visit i
at site j for water sample k (a;jx|z;; = 1 when a species’ eDNA is present, and a; jx|z;; = 0
when it is absent), which is a function of eDNA presence z;; and the probability that eDNA is

detected in a water sample 6, ;.
Equation 4 cloglog(6;j) = cloglog(intercept.0) + Byoiume * volume;

Equation 4 shows that the probability of the species’ eDNA being available for detection in

water sample k is affected by the volume of water collected during visit i at site j in water
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sample k. A cloglog link function that rescales the linear predictor to the interval [0, 1] was
used (Smart et al. 2015).

Equation 5 Yijkilaijx~Bernoulli(a;jxp;jk)

Finally, Equation 5 describes the observed detection data (y;ji|a;j,=1 where the species’®
eDNA is detected, and y;,|z;;=0 where it is not), during visit i at site j for water sample k and
gPCR replicate I. This is a function of the occurrence of the species’ eDNA in sample k at site

J during visit i (a;ji), as well as the probability of detecting eDNA via qPCR (p; ;).

Environmental variables used in model 2 are described in Appendix D Table D.1. Model 2
used the same basic structure as model 1 and is described in the supplementary material.
Occupancy covariates investigated in model 2 were: (i) post-fire 1 and (ii) post-fire 2, as above;
proportion of a watershed classified as (iii) high severity fire and (iv) low severity fire; (V)
rainfall in the watershed post-fire; and interactions between (vi) rainfall and high severity fire,
(vii) rainfall and low severity fire, (viii) low severity fire and post-fire 1, (ix) low severity fire
and post-fire 2, (x) high severity fire and post-fire 1, (xi) high severity fire and post-fire 2, (xii)
rainfall post-fire and post-fire 1, (xiii) rainfall post-fire and post-fire 2. The volume of water
used for each sample was used as an availability probability covariate. Prior distributions were
specified on the logit scale, where s were normally distributed with a mean of 0 and a precision

of 0.1 and intercept.1;, and intercept. 8 were uniformly distributed across the range of 0-1.

We fit the models using the software JAGS through the package rjags v.4-8 in R version 3.6.3
(R Development Core Team, 2020). JAGS models are provided in Appendix D. Three model
chains were run for 30,000 iterations each. The first 10,000 samples were discarded, and the
remaining samples were thinned by a factor of 10, resulting in 2,000 samples per chain from
the posterior distribution. Convergence was measured using trace plots from the jagsuUl
package v.1.5.0, and Gelman-Rubin statistic values R were below 1.1, also indicating

successful convergence of chains.

4.4 Results

We sampled a total of 285 unique sites, spanning approximately 133,249 km?. However,
limited post-fire access at some sites coupled with COVID-19 restrictions meant that not all

sites were sampled in all time periods (i.e., some sites were sampled pre-fire but not post, or
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were sampled post-fire but not pre-fire). A total of 118 sites were sampled in all three time
points and will be used in the subsequent analysis. Histograms and scatter plots of the
environmental data (proportion of watershed covered by low severity fire, and high severity
fire, cumulative rainfall in a watershed post-fire) are presented in Appendix D, Figures D.1-
D.4. Platypus DNA was detected at 95 sites prior to the fires, 89 sites in post-fire 1, and 92
sites in post-fire 2. Between pre-fire sampling and post-fire 1, 8 sites changed from platypus
not detected to platypus detected and 14 sites changed from platypus detected to not detected.
Between post-fire 1 and post-fire 2, 13 sites changed from platypus not detected to platypus
detected and 10 sites changed from platypus detected to not detected. For the following
analysis, a site was classified as burnt if fire was present in its watershed. Using this definition,

57 sites were burnt and 61 were unburnt (Figure 4.3).
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Figure 4.3: Map of 118 sites sampled in all three time periods including fire extent with fire severity classifications

Model 1

Using model 1, and when a site was classified as burnt when there was fire present anywhere
within the watershed, the predicted number of occupied sites was relatively similar and also
stable between the two groups (burnt and unburnt) across time (Figure 4.4). For burnt sites, the
predicted number of occupied sites decreased from 44.2 pre-fire to 40.9 post-fire 1 and
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increased to 44.9 in post-fire 2. For unburnt sites, the predicted number of occupied sites
decreased from 51.2 pre-fire to 49.7 in post-fire 1 and to 48.9 in post-fire 2. A confusion matrix
for each sampling period is provided in Appendix D Table D.4 to compare the observed
occupancy and estimated occupancy for each site. A threshold of 0.5 was used to convert the

predictions to binary values.
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Figure 4.4: Predicted number of occupied unburnt and burnt sites, before the 2019/2020 fires, during post-fire
sampling time period 1, and during post-fire sampling time period 2. Burnt sites = anywhere within a watershed is
burnt.

Using model 1, the B parameter estimates for the post-fire 1 and post-fire 2 variables were
positive and did not overlap zero (post-fire 1 mean = 1.50, 95% credible interval (CI) = 0.61,
2.44; post-fire 2 mean = 1.40, 95% CI = 0.54, 2.46; Figure 4.5). This suggests that across all
sites (burnt and unburnt), probability of platypus occupancy was higher in post-fire 1 and post-
fire 2 than during pre-fire sampling. Interactions between burnt status and post-fire 1, and
between burnt status and post-fire 2, were weak and uncertain (95% Cls overlapped zero). The

effect of sample volume was also weak and uncertain.
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Figure 4.5: B parameter estimates displaying the effect of covariates on occupancy or availability (volume only)
probabilities. Points represent the mean parameter estimate and lines are the 95% credible intervals. Dark purple

lines do not overlap zero.

We also used model 1 to explore the generality of our findings, classifying a site as burnt only

if it fell directly within the mapped fire extent (as opposed to anywhere within the watershed

being burnt, as above). The predicted number of occupied sites differed when using this

classification of a burnt site (Figure 4.6). This classification of sites resulted in 79 sites being

classed as unburnt and 43 as burnt. For burnt sites, the predicted number of occupied sites

decreased from 38.1 in pre-fire to 31.7 | post-fire 1 and an increase to 32.8 in post-fire 2. For

unburnt sites, the predicted number of occupied sites increased from 60.34 pre-fire to 61.1 in

post-fire 1 and 64.2 in post-fire 2. Coefficient plots are presented in Appendix D, Figure D.5.
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Figure 4.6: Predicted number of occupied unburnt and burnt sites, before the 2019/2020 fires, during post-fire
sampling time period 1, and during post-fire sampling time period 2. Burnt sites = within the burnt extent.

Model 2

The proportion of each watershed burnt by low severity fire or high severity fire varied from
0-1, with a mean of 0.15 for the former and 0.19 for the latter. Cumulative rainfall in a
watershed during the 60 days post-fire varied from 67 mm to 50,236 mm with a mean of 2,652
mm. Using these variables in model 2, we found that the majority of 3 estimates were close to
zero and/or had 95% Cls that overlapped zero (Figure 4.7). However, like model 1, estimates
for post-fire 1 and post-fire 2 were positive and 95% Cls did not overlap zero (post-fire 1 mean
=1.38, 95% CI =0.75, 2.10; post-fire 2 mean = 1.78, 95% CI = 1.06, 2.63). Interestingly, there
was a strong negative interaction between rainfall post-fire and the proportion of a watershed
burnt by high severity fire (mean = -2.30, 95% Cls =-4.28, -0.63). There was also a relatively
strong (but more uncertain) interaction between rainfall post-fire and the proportion of a
watershed burnt at low fire severity (mean = 1.67, 95% Cls = -0.50, 4.00).
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Figure 4.7: S parameter estimates for the effect of a covariate on occupancy, or availability (volume only)
probabilities. Points are the parameter mean estimate and lines are the 95% credible intervals. Dark purple lines
do not overlap zero, orange lines overlap zero

Finally, we visualised how the interaction between rainfall post-fire and the proportion of a

watershed burnt at high severity affected the probability of platypus occupancy (Figure 4.8).

Moderate to high values of rainfall combined with moderate to high proportions of area burnt

at high severity resulted in predictions of very low platypus occupancy probability. Conversely,

sites in areas with moderate to high amounts of rainfall, but a low proportion burnt at high

severity, had high probability of occupancy. A moderate occupancy probability was predicted

where there were low levels of rainfall and a low to high proportion of a watershed burnt at

high severity.
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Figure 4.8: Contour plot of the relationship between the amount of rainfall in a watershed for the 60 days post -
fire and the proportion of the watershed burnt at high severity and how this effects platypus occupancy probability.
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4.5 Discussion

Our results suggest that, in the case of the 2019/2020 Australian mega-fires, the presence or
absence of fire did not affect platypus occurrence. However, we did detect an impact on
platypus occurrence when including more proximate measures of fire impact. Specifically, we
found that platypus occurrence depended on the interaction between fire severity and post-fire
rainfall: watersheds with a high proportion of high severity fire and high rainfall had low
probabilities of platypus occupancy. We also observed a decline in the predicted number of

occupied sites when a site was classified as burnt at the watershed, or site level.

Regardless of whether a site was classified as burnt at the site or watershed scale, we observed
similar patterns. We investigated these two resolutions because while a terrestrial site may be
classified as burnt when the site itself experiences fire, an aquatic site may be impacted by fire
in the surrounding watershed, due to downstream transport of debris, ash, and/or nutrients
(Silva et al. 2020). A decline was observed in the predicted number of occupied sites for burnt
site from pre-fire to post-fire 1. A larger increase or recovery was seen when a site was
classified as burnt at the watershed scale, potentially demonstrating recovery at the landscape

scale, but not at the site scale.

A second refined analysis, in which we included an interaction between the proportion of a
watershed burnt at high severity and rainfall post-fire, led to more nuanced inferences regarding
the impacts of the mega-fires on platypus occupancy. The nature of this interaction suggests
that platypus occupancy was lowest at sites that were situated within a watershed that received
high amounts of post-fire rainfall and that had a high proportion of their area burnt at high
severity. High severity fire can kill vegetation, destabilise soil, and produce copious amounts
of ash and debris, which, when followed by a high rainfall event, can be washed into waterways
(Lyon and O’Connor 2008; Nyman et al. 2020; Neris et al. 2021). These events can produce
sediment slugs and low oxygen concentrations, which can be fatal to fish and other fauna (Lyon
and O’Connor 2008). While we do not have evidence that these events kill platypuses, there is
evidence that they can negatively affect the abundance of their prey, such as aquatic
macroinvertebrates (Verkaik et al. 2015). Direct mortality of platypuses seems unlikely, given
that platypuses can be protected from fire by the burrows they use in consolidated earthen
banks. These burrows are insulated from ambient air temperatures and can be extensive in size.

For example Grant & Dawson, (1978) found that an artificially constructed burrow remained
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between 14 and 18 °C when the outside air temperature was between -5 and 33 °C. Water
temperatures can also increase during a fire, especially in small first or second order streams
(Lyon and O’Connor 2008), but whether this would lead to platypus mortality is unknown.
Perhaps the strongest evidence that our results reflect indirect effects of sedimentation and not
mortality comes from the estimated interaction itself (Figure 4.8). In the absence of rain post-
fire, probability of platypus occupancy showed little response to high severity fire. Regardless
of the precise mechanism, our results suggest that rainfall following high severity fire is an
important determinant of platypus distribution post-fire, as demonstrated by other studies of

aquatic fauna.

There was also evidence, while not as strong, for a positive interaction between the proportion
of a watershed burnt at low severity fire and rainfall post-fire. Low severity fire in combination
with rainfall may not impact the occupancy of platypuses in the same way as the combination
of high severity fire and rainfall, as environmental impacts may differ. Compared to high
severity fires, lower severity fires are considered to have less of an impact on vegetation and
soil erosion. Therefore, the hydrological impacts may be less. The positive impact on platypus
occupancy probability may stem from increased rainfall providing more flows, which can be

beneficial for platypuses (see Chapter 3).

We detected an effect of fire on platypus occurrence in this second analysis but failed to detect
an effect of fire presence. The most plausible explanation is that because the fires were highly
heterogeneous across the study region (44% was burnt at high severity, 47% was moderate to
low severity, 9% was unburnt), the presence of fire was a coarse metric of potential impact
when using model 1. This is particularly true at the watershed scale, as the presence of a single
burnt pixel resulted in a watershed being classified as burnt. However, locally, there were very
large patches of high severity fire, which could encompass an entire catchment (see (Collins et
al. 2021)) or watershed. Our second analysis reflects this fact, incorporating a continuous
measure of potential impact (proportion of watershed burnt) rather than a binary one (fire
presence), and including fire severity (low vs high) and rainfall post-fire. As such, this refined
analysis is a more robust test of ecological processes that have been postulated to impact

aquatic fauna post-fire.

South-eastern Australia was experiencing the warmest and driest year on record prior to the
2019/2020 mega-fires (Abram et al. 2021), and there was a subsequent period of above average

rainfall in most fire-affected catchments (Silva et al. 2020). These abnormal conditions may
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help explain our observation that parameters post-fire 1 and post-fire 2 had a positive effect on
platypus occupancy. First, drought conditions across much of the study area prior to the
2019/2020 mega-fires may have led to lower levels of platypus occupancy pre-fire. Droughts
can reduce platypus prey abundance, reducing platypus foraging areas as well as habitat
availability (Serena et al. 2014; Marchant and Grant 2015). Drying of waterways can also force
platypuses to move overland, increasing predation risk (Bino et al. 2019). Furthermore, there
may be synergistic effects from the combination of drought and fire. We did not explicitly
investigate these effects, however, Bino et al. (2021) compared two rivers in New South Wales:
one experienced wildfires during the 2019/2020 mega-fires, while both experienced extreme
drought prior to the fires. They found that there were fewer platypuses at burnt sites, but that
the drought could have impacted recruitment across both river catchments, as no juveniles were
detected. Second, the post-fire increase in platypus occupancy we observed is likely due to
drought-breaking rains that followed the 2019/2020 mega-fires (Silva et al. 2020). The habitat
requirements of platypuses generally revolve around adequate flows, enabling foraging and
movement (Milione and Harding 2009). Thus, the combination of pre-fire drought and post-
fire rainfall is a plausible mechanism underpinning the observed temporal dynamics in platypus

occupancy across the region.

One of the major strengths of our work is that we were able to conduct a Before-After Control-
Impact (BACI) study design to investigate impacts of a large, natural disturbance. Indeed, pre-
fire distribution data for many species was noted as a limiting factor in prioritising efforts after
the 2019/2020 mega-fires (Legge et al. 2021; Southwell et al. 2021). More broadly, BACI
study designs have been undertaken previously to investigate the effect of wildfire on species
(e.g. Banks, Knight, McBurney, Blair, & Lindenmayer, (2011)), but to our knowledge,
previous studies have not been undertaken across this broad of a spatial extent, nor for
platypuses. BACI designs assume that the factors affecting the variables of interest are in a
steady state between sampling periods, or across control/impact sites (Southwell et al. 2021),
allowing for inferences to be made on the impact of a perturbation without interference. While
these assumptions are difficult to prove, BACI designs remain a powerful tool to investigate
the impact of disturbances, such as fire, on wildlife. The relatively large number of sites we
were able to survey is another benefit of our study, as the statistical power to detect an impact

increases with sample size (Wood 2021).
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The primary reason that we were able to undertake a study of this size (both in terms of spatial
extent and sample size) was our use of eDNA sampling. This technique provided an
unprecedented ability to conduct both rapid and accurate assessments of platypus occupancy.
Indeed, sites were able to be sampled in a matter of minutes, and previous work has shown that
eDNA sampling is a highly sensitive technique for detecting platypuses, especially when
compared to fyke netting (Lugg et al. 2017). Environmental DNA sampling is the only feasible
method to extensively assess fire impacts on aquatic species over large areas, especially for
widespread species, such as the platypus.

An additional benefit of using eDNA sampling is that it enabled us to leverage an extensive
collection of pre-fire samples taken from across south-eastern Australia. Once eDNA has been
extracted from samples, it can be used for other (unintended) purposes, as we have done here.
For example, samples collected for a single species study, such as ours, could be used for eEDNA
metabarcoding, enabling post-fire assessments of entire taxonomic groups, such as vertebrates
or fish. Alternatively, samples collected for one purpose could be used as baseline data for
subsequent studies, such that occupancy data is available to understand impacts of future large
fires or other disturbances, such as floods, land clearing, or climate change. This preparedness
would allow for more targeted monitoring programs or emergency intervention actions
implemented post-disturbance. While this is, to the best of our knowledge, the first study to use
eDNA to assess the impacts of a major disturbance, we expect that the number of such studies
will increase substantially over time, as eDNA sampling becomes more widely used.

With increasing evidence of climate change creating conditions that increases the duration,
frequency, and size of wildfires (Abram et al. 2021), it is important to understand how
biodiversity will be impacted. As we have demonstrated here, high severity fire, in combination
with high rainfall events, could negatively impact platypus occupancy. While predictions of
summer and autumn rainfall in south-eastern Australia under climate change are uncertain,
extreme rainfall events are predicted to increase, whereby almost all climate models agree that
the wettest day of the year will get wetter (Hope et al. 2018). An increase in the combination
of large areas of high severity fire and high rainfall events could negatively impact not just
platypuses, but other aquatic species, such as fish, crustaceans, and macroinvertebrates.
Assessment of the impacts of fire and rainfall on a wider range of aquatic species is therefore

a priority. Our study shows that eDNA sampling is a promising tool for this purpose.
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Chapter 5

Using eDNA metabarcoding and
multispecies occupancy models to
Investigate freshwater fish distributions
over large spatial scales
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5.1 Abstract

Freshwater systems are at risk globally and anthropogenic changes, such as river regulation
and introduction of alien species, threaten many aquatic species. Traditional aquatic sampling
methods are time-consuming and can fail to detect some species or life stages. Environmental
DNA (eDNA) sampling can be conducted rapidly and at scale, providing an alternative
approach for broad-scale monitoring of aquatic species. Here, we used eDNA metabarcoding
and an environmentally stratified sampling design encompassing 237 sites across Victoria,
Australia to understand responses of native and introduced fish species to environmental
gradients. We used multi-species site occupancy-detection models to investigate species-level
responses to environmental covariates, and to determine the extent to which the number of
introduced species at a site impacted native species occupancy. We detected 49 fish and two
lamprey taxa using a universal vertebrate primer pair. Distributions of native and introduced
taxa responded similarly to water availability covariates (% of catchment covered by water,
total runoff, and an index of zero-flow events). However, native and introduced taxa showed
opposing responses to land use: occupancy probability of native taxa tended to increase with
an increasing proportion of a contracted catchment covered by forest and agricultural land,
whereas occupancy of introduced taxa tended to show the opposite trend. When restricted to
common species detected more than 10 times, both native and introduced species predicted
occupancy decreased with increased forest cover. The richness of introduced taxa at a site
generally had a positive effect on native taxa occupancy, and the richness of native taxa
generally had a positive effect on introduced taxa occupancy. This case study demonstrates that
eDNA sampling can be used to conduct large-scale surveys of fish occupancy across
environmental gradients. The methods used here can be implemented in other eDNA sampling
programs to shed light on how the distributions of native and non-native taxa vary in response

to global changes or disturbances.
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5.2 Introduction

Freshwater habitats and their living inhabitants are imperilled globally (Dudgeon et al. 2006;
Reid et al. 2019). Freshwater systems have a limited spatial extent and are subject to water
extraction, regulation, and the continued impacts of a rapidly changing climate. As a result,
freshwater systems are subject to both loss and fragmentation, which is a concern because there
is often limited natural movement of taxa between catchments. Water quality is also declining
in many regions due to anthropogenic changes (Lintermans et al. 2020). In addition, freshwater
systems are increasingly occupied by invasive species (Lintermans et al. 2020). Australia hosts
approximately 275 native freshwater fish species but very few of these are listed as threatened
under national legislation. A recent study identified 22 species that are highly threatened,
whereby over 90% of species were assessed to have a greater than 50% probability of extinction
in the next 20 years (Lintermans et al. 2020). Invasive fish species are also considered a major
threat to some threatened fish species, negatively impacting habitat quality and resulting in the
homogenisation of communities across drainage basins (Olden et al. 2008). Invasive fish can
also predate native fish, and are a particular threat for smaller fish, which in themselves are

more threatened as a group (Lintermans et al. 2020).

Traditionally, fish populations are surveyed using time-consuming, labour-intensive, and
invasive methods. For example, electrofishing or nets are often used to capture and
morphologically identify species, which can potentially compromise animal health (Shaw et
al. 2016). Some species may also be less likely to be detected using these methods, resulting
in false negative detections. For example, the effectiveness of backpack electrofishing can vary
among environments (Shepard et al. 2014) and some fish species are impossible to distinguish
morphologically. These sampling techniques also require personnel experienced with the
technique and with species identification, making broad-scale surveys extremely difficult, if
not impossible, to undertake. In addition, traditional sampling methods pose health and safety
concerns for those conducting the fish surveys —as surveyors typically need to enter the water

body— as well as welfare concerns for the fish.

Environmental DNA (eDNA) sampling —the detection of intra- and extra- cellular DNA from
an organism in an environmental sample— is increasingly being used for biodiversity or
community-level surveys (Boivin-Delisle et al. 2021; West et al. 2021). This has been made

possible by multi-species eDNA detection methods, such as eDNA metabarcoding.
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Environmental DNA metabarcoding allows for an entire community to be targeted using a
universal primer (e.g., targeting vertebrates or fish), enabling the collection of species-level
presence/absence data across an entire group. Environmental DNA sampling has been shown
to detect more species than electrofishing in a number of environments, including in freshwater
streams of south-eastern Australia (McColl-Gausden et al. 2021) and South Australia (Shaw et
al. 2016), and lakes in the United States (Sard et al. 2019). Environmental DNA sampling does
not require capturing animals, reducing animal stress and impacts on individual health.
Personnel also don’t have to enter the water to collect eDNA samples, reducing health and
safety concerns. Finally, eDNA samples can be taken with very little training. For example,
citizen scientists can be sent Kits to collect samples themselves (Biggs et al. 2015),
standardising sample collection and increasing cost-efficiency. Some sites can also be sampled
that are unsuitable for other methods such as electrofishing or trapping due to the
environmental constraints on those methods. Thus, while animal capture will always be
necessary for some studies (e.g., those on population health), eEDNA metabarcoding provides a
rapid, non-invasive, safe, and repeatable method to monitor the distributions of species in

freshwater fish communities.

One of the greatest improvements in aquatic monitoring brought by eDNA sampling is that
eDNA samples can be collected rapidly and at scale. Smaller sites can be sampled in a matter
of minutes, enabling many sites to be visited in a short amount of time. Indeed, eDNA
metabarcoding has recently been used to conduct surveys of aquatic communities across large
spatial extents. For example, Pont et al. (2018) sampled fish along 524 km of river; West et al.
(2021) surveyed bony fish, elasmobranchs and aquatic reptiles at 284 sites along 700 km of
coastline in north west Australia; and Fraija-Fernandez et al. (2020) collected marine samples
for fish across an area of 120,000 km?. The ability to conduct such surveys is important, as
occupancy data across large spatial extents is needed to establish accurate estimates of species
distributions, and to monitor for changes in those distributions over time (e.g., in response to
disturbances or management actions). Given the rate and magnitude of anthropogenic
influences on the environment, large scale and accurate survey methods are required to
understand species’ responses to environmental gradients, and to ensure anthropogenic impacts

are documented and mitigated.

Site occupancy-detection models are an ideal way to analyse eDNA data and to understand

species’ responses to the environment. Hierarchical multi-species site occupancy-detection
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models have been used to compare eDNA metabarcoding to electrofishing for freshwater fish
(McColl-Gausden et al. 2021), and as a comparison to morphological identification of aquatic
macroinvertebrates (Bush et al. 2020). These models have also been used to identify how
detection errors can be accounted for when considering different experimental designs (Doi et
al. 2019). Hierarchical multi-species site occupancy-detection models draw species-level
parameters from a common statistical distribution. This allows data from a community to
inform parameter estimates for individual species, including those with low occupancy and
detection probabilities (Kéry and Royle 2016). Some fish species may be rarer than others in
eDNA samples, and thus the ability to draw parameters from a community-level distribution is
ideal for eDNA metabarcoding data. Effects of environmental covariates can also be included
in hierarchical models at the species- and community-level, and these covariates can influence
occupancy and/or detection. These models can also be used to inform management actions or
interventions by providing data on factors which may influence a species’ detectability or

occupancy (Guillera-Arroita et al. 2010a; Shea et al. 2019).

In this study we demonstrate how eDNA metabarcoding can be used to study aquatic species’
distributions rapidly and efficiently, and effects of environmental covariates on those
distributions, using fish taxa across south-eastern Australia as a test case. We asked the
following questions: a) how does the occupancy of native vs introduced fish species vary across
land use gradients; and b) does the presence of introduced fish impact native fish occupancy,

and vice versa?

5.3 Methods

Study area, eDNA sampling and site stratification

This study focused on data collected across the state of Victoria, Australia. Land cover in
Victoria includes alpine regions, temperate forests, grasslands, agricultural industries, and
urban areas. Contracted catchments (Commonwealth of Australia 2012) were chosen as
sampling units as an attempt to account for the potential for movement of DNA within a river
system (Pont et al. 2018). These catchments are derived from a nine second digital elevation
model with a contracted node —a logical feature in the landscape such as the confluence of
two major rivers or a significant monitoring location— at the outflow point (Commonwealth
of Australia 2012). Only contracted catchments that were within a buffered 5 km area around

major rivers (Commonwealth of Australia 2012) were considered. Environmental DNA
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samples were collected between August 2018 and November 2019. Two independent water
samples were taken at each site using two disposable syringes (60-mL Luer Lock sterile
syringes; Hapool medical Technology, Shandong, China) and two detachable 0.22 um filters
(GP 22um Filter Unit; Sterivex, EMD Millipore corporation, Billerica MA, United States). A
maximum of 500 ml of water (collected using multiple draws from the 60-mL syringe) was
pushed through each filter or until the filter was clogged. Filters were kept cool in a car fridge
(approximately 3 °C) for up to three days before being transported to the laboratory and stored
at -20 °C until DNA could be extracted.

A subset of sites from a larger single-species eDNA dataset (Chapter 3) was selected for use in
this study. These original samples were stratified across seven land use categories and runoff
categories. The seven land use categories were condensed from the Dynamic Land Cover
dataset (Geoscience Australia, 2017): mines and urban areas, waterbodies, pasture and
cropping (agriculture), grasslands and shrubs, and forested. Runoff (as a proxy for water
availability) across each contracted catchment was calculated for 2018-2019 from the
Australian Water Resources Assessment Landscape model (Frost et al. 2018) and an index of
zero-flow annually was provided by the Victorian Department of Environment, Land, Water
and Planning. A total of 179 sites from the larger dataset were selected. In addition, 58 sites
from around the urban centre of Melbourne were also included. These Melbourne samples were
collected in November and December 2020 and used the same field sampling methods as
above. In total, 237 samples were included for this study across 115 contracted catchments
(Figure 5.1).
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Figure 5.1: Map of selected sites (blue dots) including samples from a larger-scale single-species dataset, and
additional samples collected around Melbourne, Victoria, Australia.

Environmental covariates

Seven land use categories and total runoff were calculated at the contracted catchment level,
whereas the zero-flow index was calculated at the site level. In the zero-flow index dataset, a
higher index value corresponded to less zero-flow days annually compared to other river
systems in Victoria. Annual zero-flow data were in point form and therefore the nearest flow
data point to the sampling location along the river network was obtained using QGIS (QGIS

Geographic Information System 2021).

DNA extraction

For the samples collected for the large single-species eDNA dataset (Chapter 3), Qiagen
DNeasy Blood & Tissue Kits (Spin-column protocol) were used to extract DNA from filters in
a room dedicated to low-quantity DNA sources with qPCR setup undertaken in a laminar flow
hood. A 540 pL of ATL buffer and 40 pL of proteinase K in each filter unit was used and then
each filter was sealed and incubated for 3 hours at 56 °C with constant agitation. The lysis
solution was transferred into new 2 mL tubes. The rest of the DNA extraction steps followed
manufacturers protocol with some minor adjustments; in each sample, 500 uL. AL buffer, 500
uL ethanol, and a final elution step of 100 uL. AE buffer was used. A negative DNA extraction
control (that replicated the process using a sterile Sterivex filter) was included in every batch

of DNA extractions (~24 samples). There were 16 negative extraction controls. For the
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additional samples collected around Melbourne, samples were extracted on the QlAcube HT,
using a QlAamp 96 DNA QIAcube HT Kit. 540 uL of ATL buffer and 40 uL of proteinase K
was added to each filter unit and then each filter sealed and incubated for 3 hours at 56 °C with
constant agitation. After incubation, 200uL of this lysate was transferred to an S-Block for use
on the QlAcube HT. Subsequent steps followed the manufacturer's instructions, excluding the
use of TopElute (an optional step) and with samples eluted in 100uL of Buffer AE. One

negative control was used per 96-well plate for a total of two negative controls.

Metabarcoding methods

In this study a universal primer targeting all vertebrates was used (Riaz et al. 2011; Shehzad et
al. 2012). The assay marker region was located within the mitochondrial 12S ribosomal RNA
(rRNA) gene and was ~100 bp. The two water sample replicates were analysed separately. To
prepare metabarcoding libraries, a two-step PCR protocol was used, with primer sequences
listed in Appendix E Table E.1. The first round PCR primers contained the marker-specific
primer sequence, a (5'-3") universal adaptor sequence and a 0- to 6-bp heterogeneity spacer
(Fadrosh et al. 2014). Each reaction contained 2 pl eDNA, 1x PCR buffer, 3 mM MgCI2, 0.3
MM of each primer and 0.2 Units KAPA Plant DNA Polymerase (Kapa Biosystems). Reaction
conditions were as follows; one cycle at 95 °C for 3 min, 40 cycles at 95°C for 20 s, 57°C for
155, 72 °C for 15 s; and one cycle at 72 °C for 1 min. For each sample, four PCR technical
replicates were performed, one for each heterogeneity spacer combination with samples
randomly allocated across PCR plates. 17 DNA extraction negative controls were used, and 96
PCR replicates were included and carried through to sequencing. Three eDNA samples were
included from the Northern Territory (Australia) from a previous project where the fish
community had already been determined using the same vertebrate markers to act as a known

“mock community” and positive control.

The four technical replicates were pooled following the first-round PCR and purified with
ExoSAP-IT PCR Product Cleanup Reagent (ThermoFisher). Second-round PCR primers
contained (5'-3") the Illumina p5 or p7 binding region, an 8-bp index sequence (Fadrosh et al.
2014) and a universal adaptor sequence. For each sample, unique forward and reverse index
combinations were used. Reactions contained 2 ul purified PCR product, 0.5 uM of each
primer and 1x Phusion Hot Start Il High-Fidelity PCR Master Mix (Thermo Fisher Scientific).
Reaction conditions were as follows; one cycle at 98 °C for 1 min; 15 cycles at 98 °C for 10 s,

72°C for 45 s; and one cycle at 72°C for 10 min. For the samples collected for the larger single-
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species study (Chapter 3), sequencing was performed at the Monash Health Translation
Precinct (MHTP) Medical Genomics Facility on an Illumina MiSeq platform (lllumina) using
150 bp PE chemistry. For the additional samples collected around Melbourne sequencing was
performed on an iSeq 100 (Illumina) also using 150 bp PE chemistry.

Bioinformatics

Bioinformatic analyses were performed as in McColl-Gausden et al. (2021) using a custom
analysis pipeline where a custom reference database for taxonomy assignment was built for
vertebrate species known to occur in Victoria, Australia. To retrieve all 12S rDNA sequences
present in GenBank (https://www.ncbi.nIm.nih.gov/genbank/), the R package RENTREZ
v1.1.0 (Winter 2017) was used. The Genbank sequences were also supplemented by
sequences from species of interest in our tissue collection, by Sanger sequencing the 12S
region. An in-silico PCR undertaken to retrieve the appropriate gene region for reference
species was performed with the primer sequences listed in Table S1 and the software
packages OBITOOLS (Boyer et al. 2016) and ecoPCR (Ficetola et al. 2010).

After the merging of R1 and R2 paired-end sequences (using VSEARCH’s fastq-mergepairs
function), primer sequences were trimmed and sequencing reads dereplicated where those with
an abundance of less than 10 were excluded from further analyses. Sequences were clustered
into Operational Taxonomic Units (OTUs) using a pairwise identity of 100% (vsearch --id 1.0).
By comparing against the custom vertebrate reference sequence database, taxonomic
assignment was performed with VSEARCH (Rognes et al. 2016) whereby each OTU was
assigned a taxonomic identity using a minimum bootstrap support of 95% (vsearch —sintax-

cutoff 0.95). Filtering of samples was set at 0.1%.

Model description

The data was binary detection/non-detection observations of species i (1,2...n), at site
(1,2...n) in water sample k (1,2). A hierarchical multi-species site occupancy-detection model

was used to estimate occupancy and detection probabilities for each species.

Equation 1 z;j~Bernoulli(y;;)

Equation 2 logit(l/)l-j) = a; + B * cov; +Ycarchment
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Equation 3 Yijk|Zix~Bernoulli(z;jw;j)

Equation 4 Wi~Normal(uy,,, 0%y,
Equation 5 w;~Normal(fy,, 02wy,
Equation 6 a;~Normal(ug,, 0% 4,,)
Equation 7 pi~Normal(ug,,, azﬁgm)

Equation 1 describes the occupancy process as the outcome of a Bernoulli trial. zjj is a latent
variable describing the presence or absence of taxa i at site j given the probability of occupancy

for taxa i at site j. zjj = 1 where the taxa is present and z;j; = 0 where the taxa is absent.

Equation 2 describes the taxa and site-level heterogeneity in occupancy (i;;) and includes an
overall intercept for each taxa (a;) and effects of covariates (B; * cov;), where cov; are the
environmental covariates at each site and S; is the posterior parameter estimate. This equation

also incorporates a random effect for contracted catchment (Y qtchment)-

Equation 3 describes the detection process, in which y; ;. denotes the detection (y;jx = 1) or
non-detection (y;;, = 0) of taxa i at site j in replicate k. This is a function of the occurrence of

a taxa (zij) and the probability of detection (w;x).

Equations 4-7 describe the prior distributions from which taxa-level responses are drawn.
These taxa-level responses are indexed by a grouping variable g. This grouping variable was
used in the first analysis only. The first analysis used all available data, or a restricted dataset
in which taxa were detected at least 10 times, and group was defined as “native taxa” or
“introduced taxa”. For the second analysis, data were restricted to only native taxa or only
introduced taxa, and taxa richness of the opposite group was included as a covariate. For
example, using the dataset where only native taxa were used, the number of introduced taxa

present at a site was included as an additional covariate.

Taxa-specific prior distributions were specified on the logit scale, where v;;, w; i, a; and B;
were normally distributed with mean p and precision t. Hyper-priors for W, le, e and pg were
specified as uniformly distributed across the range of 0—1. Hyper-priors for a2 were specified

as uniformly distributed across the range 0-5.
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Models were fit in a Bayesian framework using R version 3.6.3 (R Development Core Team,
2020) and the software JAGS through rjags v.4-8. Three Markov chains were run for 300,000
iterations each. We discarded the first 100,000 iterations (burn-in), and the remaining samples
were thinned by a factor of 100, resulting in 2000 samples per chain from the posterior
distribution. Convergence was measured visually using traceplots from the jagsUI package
v.1.5.0, which indicated that chains were well mixed and Gelman-Rubin statistic values R were
below 1.1, indicating successful convergence of chains. Model code is provided in Appendix
E.

5.4 Results

Three taxa were removed from the analysis (Aldrichetta forsteri, Acanthopagrus butcheri and
Tetractenos sp.). These taxa were present in the mock community for the Melbourne sites and
in study samples (but not in the negative controls) and are marine or estuarine taxa not known
to occur in the areas where Melbourne samples were taken. This may represent contamination
from the mock community in the processing of samples from around Melbourne only.
Macquaria colonorum (which may share haplotypes with Macquaria novemaculeata) and
Gadopsis sp. were included in the analysis even though they were present in the mock
community, as they could plausibly occur in the regions sampled. Nonetheless, results for these
taxa should be treated with caution.

Across 237 sites, we detected 49 fish and two lamprey taxa. Of these taxa, 16 were introduced,
and 35 were native. The minimum number of taxa detected at a site was 0 and the maximum
was 12, with a mean of 3.6. The mean number of sites at which a taxa was detected was 16.6
but 27 taxa were detected less than five times.

To investigate the impact of environmental covariates on the occupancy of native and
introduced taxa, we predicted the mean occupancy of each group across the full range of
possible values of each covariate. We used the full dataset (number of taxa = 51) (Figure 5.2),
as well as a dataset restricted to taxa with at least 10 detections (number of taxa = 19) (Figure
5.3). For the full dataset, effects of two covariates on predicted mean occupancy differed
between native and introduced taxa: the proportion of a contracted catchment covered by forest
(Figure 5.2A), and the proportion covered by agriculture (Figure 5.2B). Predicted mean
occupancy of native taxa increased with increasing forest or agricultural cover, whereas

occupancy of introduced taxa showed the opposite pattern. The mean effect of the variable
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describing the proportion of a contracted catchment covered by urban areas was relatively flat
for both taxa groups but there was a high degree of interspecific variation (Figure 5.2C). The
mean effect of the covariate describing the proportion of a contracted catchment covered by
grasslands and shrubs was slightly negative for introduced taxa and relatively flat for native
taxa (Figure 5.2D). Mean occupancy of native and introduced taxa increased slightly with an
increase in the proportion of a catchment classified as water, although the slope of this
relationship was marginally stronger for native taxa (Figure 5.2E). Finally, effects of the two
flow-based covariates (zero-flow and runoff) were the most consistent across the native and
introduced taxa groups, whereby there was a relatively flat relationship between each covariate
and mean predicted occupancy (Figure 5.2F and Figure 5.2G). See Appendix E for coefficient
plots for each environmental covariate and taxa (Figures E.1-E.7).
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Figure 5.2. Predicted relationships between occupancy probability for each taxa and environmental predictors
using the full dataset (51 taxa: grey lines) The green and orange lines show the community posterior mean of
these relationships for native and introduced species respectively.

For the dataset restricted to taxa with at least 10 detections, general patterns were similar to the
full dataset, except for responses to forest cover (Figure 5.3). Mean predicted occupancy for
native and introduced taxa declined with an increase in the proportion of a contracted
catchment covered by forest when using this smaller dataset (Figure 5.3A). The occupancy of
both groups increased with an increase in agriculture, urban, water and the zero-flow index,
but with the slopes for the groups differing across these covariates (Figure 5.3B, Figure 5.3C,
Figure 5.3E and Figure 5.3F). Occupancy for both groups declined marginally with an increase

in grasslands and shrubs, as well as with runoff (Figure 5.3D and Figure 5.3G).
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Figure 5.3: Predicted relationships between occupancy probability for each taxa and environmental predictors
using the dataset restricted to taxa with more than 10 detections (19 taxa: grey lines) The green and orange lines
show the community posterior mean of these relationships for native and introduced taxa, respectively.
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We used fitted models and the posterior predictive distribution of local species richness to
predict richness for native and introduced taxa separately at the contracted catchment level
across geographical space (Figure 5.4 and Figure 5.5). Species richness estimates were
obtained from model estimates (sampled posterior distribution of presence absence (zij) for
each species at each site; JAGS code provided in Appendix E) and standard deviation plots can
also be found in Appendix E, Figures E.8 and E.9. Native and introduced richness were
predicted to be higher around the urban centre of Melbourne. Introduced species richness was
predicted to be lower around the cooler mountainous region of eastern Victoria and the Otway
region to the south-west of Melbourne. When considering only common species detected 10
or more times, native species richness was lower in north-western Victoria, around the urban
centre of Melbourne and in the more mountainous region to the north-east of Melbourne
(Appendix E Figure E.10.). For more common introduced species, a similar pattern emerged
where predicted richness was lower in the cooler, more mountainous regions of Victoria
(Appendix E Figure E.11.).
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Figure 5.4: Predicted native fish species richness at the contracted catchment scale based on the community
occupancy model presented above. The posterior mean estimate of species richness is used.
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Figure 5.5: Predicted introduced fish species richness at the contracted catchment scale based on the
community occupancy model presented above. The posterior mean estimate of species richness is used.

In the second analysis, detections of only native taxa or only introduced taxa were considered
as responses. In the case of the former, the number of introduced taxa at a site (introduced taxa
richness) was used as an additional covariate to investigate the extent to which the presence of
introduced taxa impacted the occupancy of native taxa. This analysis was then repeated for
introduced taxa, whereby native taxa richness was used as a covariate. When the eDNA
detection data was restricted to natives only, the occupancy probability of all 35 taxa increased
with introduced taxa richness at a site (Figure 5.6). However, only 9/35 taxa —Retropinna
semoni, Philypnodon grandiceps, Percalates novemaculeata, Nannoperca sp., Macquaria sp.,
Maccullochella peelii, Galaxias sp., Gadopsis sp. and Anguilla australis— had 95% credible

intervals that did not overlap zero.
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Figure 5.6: S coefficients describing effect of introduced taxa richness on native taxa occupancy. Points are the
mean and lines are the 95% credible intervals. Orange lines do not overlap zero and green lines overlap zero.

When data was restricted to introduced taxa only, we found a similar pattern: the occupancy
probability of 15/16 introduced taxa increased with native taxa richness at a site. However,
there was more uncertainty in this effect (as indicated by much wider 95% credible intervals)
than was the case for native species occupancy. Nonetheless, the occupancy probability of
10/16 introduced taxa —Tinca tinca, Phoxinus phoxinus, Oncorhynchus tshawytscha,
Oncorhynchus sp., Misgurnus anguillicaudatus, Maulisia mauli, Gambusia holbrooki,
Cyprinus carpio, Carassius auratus and Anguilla japonica— increased with introduced taxa
richness at a site (mean [ estimates were positive and 95% credible intervals did not overlap
zero: Figure 5.7). The occupancy of one species —Salmo trutta— displayed a negative
response to native taxa richness. Coefficient plots using data where species were detected more

than 10 times showed similar patterns and are presented in Appendix E Figures E.12 and E.13.
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5.5 Discussion

The distribution and composition of aquatic communities are important facets of conservation
management. We demonstrate that eDNA sampling is a valid alternative to traditional sampling
methods for studying aquatic communities. Environmental DNA sampling enables rapid and
efficient collection of data on species occupancy across large areas for the purposes of
determining species distributions, community composition, and the effects of environmental
gradients on these patterns. Below, we discuss the ecological patterns uncovered by our case
study, before using our case study to demonstrate the benefits of eDNA sampling for

identifying fish communities and the potential for large scale, routine monitoring programs.

Case study: eDNA sampling for fish in Victoria, Australia

Large and extensive datasets on species detections across broad spatial extents are invaluable
for estimating species’ contemporary distributions and their responses to environmental
gradients. Such data is also needed to study how species’ distributions change over time and in
response to environmental triggers. Fish, in particular, are sensitive to environmental changes
(e.g., in flow regimes or river condition), and thus are useful indicators of river health (Evans
et al. 2016). Here we collected baseline data on the distributions of 51 fish and lamprey taxa
from 217 sites across Victoria, Australia, encompassing an area (227,444 km?) larger than the

size of Great Britain. Importantly, sites were stratified by land use and flow regimes to ensure
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representation across environmental gradients. This stratified sampling design enabled us to
model correlations between the occupancy of individual fish taxa and surrounding land use,

and to investigate whether these correlations differed between native and introduced taxa.

Our analyses suggest that for some native and introduced taxa, water availability metrics (the
proportion of a contracted catchment covered by water, zero-flow index, and runoff) were
important predictors of occupancy. However, using the full dataset of all taxa, we found that
both groups had relatively flat responses to increases in the zero-flow index and runoff at the
community level (Figure 5.2). This result was unexpected, as all fish species, whether they are
native or introduced, require suitable water availability or appropriate flow regimes
(Morrongiello et al. 2011). This result may be due to a lack of representation for some taxa
across the studied environmental gradients, with 27 taxa being detected less than five times.
Indeed, when we used the same model on the more common species (those that were detected
at least 10 times; 19 taxa), we found an increase in the community-level occupancy of native
and introduced taxa with an increase in the zero-flow index (less zero-flow days) although there
were negligible changes in predicted responses to runoff (Figure 5.3). Interestingly, the
predicted increase in occupancy probability with less zero-flow days was more pronounced for
native taxa, highlighting the impact that flow regime change, drought and water extractions
could have on native species, especially under future climatic conditions (Morrongiello et al.
2011). Predictions of water availability in the future are uncertain but some predictions indicate
a substantial decrease in spring and winter rain in eastern Victoria, western Victoria and the
Murray basin (Hope et al. 2018).

More predictably, occupancy of both native and introduced taxa increased with an increase in
the proportion of a contracted catchment covered by water, with native taxa responding slightly
more positively compared to introduced taxa. This also held true for the restricted dataset
containing only common species. The spatial distribution of native taxa also seemed to be
influenced strongly by water availability (Figure 5.4). Native species richness was predicted to
be higher in areas with higher water availability, such as the urban centre of Melbourne; the
lakes 130 km south-west of Melbourne; the Gippsland Lakes in eastern Victoria, 200 km east
of Melbourne; and along the Murray River, with its billabongs and wetlands, 450 km north-
west of Melbourne. These areas could provide a wide variety of habitats, enabling multiple

species to co-exist (Sutela et al. 2020).
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Responses to the proportion of a contracted catchment covered by forest varied between the
full dataset (Figure 5.2) and the restricted dataset including only common taxa (Figure 5.3).
For the full dataset, even within the native and introduced groups, there was a range of positive
and negative responses to the proportion of forest cover. However, changes in the predicted
community-mean occupancy probability for both groups were relatively linear, with the
community-mean response for native fish showing a slight increase in occupancy probability
with an increase in forest cover, with introduced taxa showing the opposite pattern (Figure 5.2).
However, when restricted to only common taxa, a slightly different pattern emerged (Figure
5.3), whereby predicted community-mean occupancy of native and introduced taxa declined

with increasing forest cover.

This pattern of decreasing occupancy probability with forest cover can also be seen in the
spatial predictions of taxa richness, especially predictions for introduced taxa. Relatively low
taxa richness was predicted in the cooler, more forested areas of the mountainous region 100
km north-east of Melbourne, and in the Otway region 120 km to the south-west (Figure 5.4 and
Figure 5.5). Less species are generally expected to occupy headwater streams due to conditions
at these sites such as fast running, shallow and narrow streams (Sutela et al. 2020). Another
explanation for the negative response of taxa to forest cover is the presence of self-sustaining
populations of introduced brown trout (Salmo trutta) in high elevation or cooler areas (Jarvis
et al. 2019). Brown trout were introduced into Australia in 1864 by acclimatization societies
and have been shown to outcompete or prey upon other native and introduced species (Jarvis
etal. 2019). These interactions could result in lower species richness in forested areas, as brown

trout, being a large-bodied fish, dominate these environments (Cadwallader 1996).

Another line of evidence for the effect that brown trout have on the distributions of other
species is our finding that native taxa richness had a significant negative impact on brown trout.
This impact does not indicate causation; we cannot infer that native taxa negatively impact the
occupancy of brown trout. Rather, this finding likely indicates that brown trout are less likely
to occupy sites where there is high native richness. Brown trout are dominant in many cool
water areas of the state, and therefore are more likely to be found at sites with lower species
richness, as trout reduce species richness by outcompeting and predating on other fish (Jarvis
et al. 2019). Brown trout, along with other introduced species —rainbow trout (Oncorhynchus
mykiss), chinook salmon (Oncorhynchus tshawytscha) and brook trout (Salvelinus

fontinalis)— and native species —Murray cod (Maccullochella peelii), golden perch
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(Macquaria ambigua), Australian bass (Macquaria novemaculeata), silver perch (Bidyanus
bidyanus), estuary perch (Macquaria colonorum) and Macquarie perch (Macquaria

australasica)— are also stocked in large numbers throughout Victoria (Jarvis et al. 2019).

The occupancy probabilities of both native and introduced taxa increased or remained stable
with an increase in the proportion of a contracted catchment covered by a form of agriculture,
with a more pronounced positive effect seen for native taxa in both datasets. This result was
unexpected, as intensive agriculture is generally reported to have negative impacts on native
species due to alterations in flow regimes and native habitat (Koehn et al. 2020). However,
south-eastern Australia continues to host a large number of native fish species, despite
extensive land use changes, including agriculture, urbanisation, and forestry (Morrongiello et
al. 2011). Dividing agriculture into the different forms that the agricultural industry takes
would allow for a more nuanced perspective of the impact that agriculture has on fish
occupancy. For example, modelling the proportion of a contracted catchment that is covered

by pasture and cropping separately.

Somewhat surprisingly, the proportion of urban environment in a contracted catchment had a
positive effect on both native and introduced species in both datasets. When restricted to more
common species with more than 10 detections, the positive response was even more
pronounced. This suggests these more common species may be generalists, and able to thrive
in more altered landscapes (Marques et al. 2021). Supporting this observation, species richness
for native and introduced species was predicted to be high around the urban centre of
Melbourne (Figure 5.4 and Figure 5.5).

We did not find any significant negative impact of introduced fish richness on native fish
occupancy, counter to our expectations (Figure 5.6). Previous research suggests that some
native Australian species are negatively impacted by invasive fish through processes such as
competition and predation. For example, the endangered species Galaxiella pusilla is
negatively impacted by at least three invasive fish species —Perca fluviatilis, Cyprinus carpio
and Gambusia holbrooki— through predation, habitat degradation, and competition,
respectively (Coleman et al. 2019). In contrast, we found many positive correlations between
the occupancy of native fish and the richness of introduced taxa at a site. Likewise, the
occupancy of introduced fish was often positively correlated with native fish richness (Figure
5.7). This could be because site occupancy, for many taxa, is predominately influenced by the

environment or microhabitats, rather than other fish species. That is, the richness of taxa at a
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site may be a proxy for the abiotic suitability of a site (Tingley et al. 2011; Souza et al. 2011).
For example, sites with many different microhabitats, which may promote site occupancy of
some species, also tend to host a large array of different fish species. A future consideration,
which may help tease apart these species-specific interactions, is the use of Joint Species
Distribution Models, JSDMs (Wilkinson et al. 2021). JSDMs model the response of each
species to the environment, and residual correlations between species can be used to infer

species interactions or missing environmental variables (Zurell et al. 2018).

eDNA sampling for species composition across large spatial
scales

Our case study demonstrates that eDNA metabarcoding provides an efficient means to
standardise routine monitoring programs. Large and extensive datasets on fish detections can
take years to collate with traditional sampling methods, as sites cannot be sampled frequently
and extensively without a large amount of effort (Zajicek and Wolter 2018). What’s more,
some sites are inaccessible with traditional sampling methods because of equipment
requirements. In contrast, eDNA sampling imposes far fewer sampling restrictions and can be
deployed rapidly, providing a more comprehensive picture of community composition in

different environments in a shorter period of time.

Our study illustrates one of the major benefits of using eDNA metabarcoding rather than single-
species eDNA detection methods: a wide range of species can be identified from water samples
—e.g., mammals (Lyet et al. 2021) or fish (West et al. 2021)— using a single consistent
method. This makes large-scale surveys, such as those conducted here, not only possible but

also highly efficient and systematic.

Environmental DNA sampling is particularly useful for the detection of rare, cryptic, or low
abundance species, or individuals at different life stages that may not be routinely detected
during surveys (Deiner et al. 2017). Indeed, many of the species we detected were rare, with
only 19/52 species being detected 10 or more times. Because of potentially low detection
probabilities of some species using traditional sampling methods, indicator species are
sometimes used to represent the health of a system (Ji et al. 2013). Using a method such as
eDNA sampling combined with metabarcoding, in which the probability of detecting all or
most species at a site is much higher, reduces the need for reliance on indicator species, as the

entire community can be captured in one or more water samples. As such, eDNA
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metabarcoding can be used to routinely monitor species composition at a set of sites to assess
changes over time, including the detection/non-detection of introduced or threatened species.
When used in this way, routine eDNA metabarcoding could be used as an early warning signal
for potentially undesirable changes in community composition, prompting the deployment of
other sampling methods, such as trapping or electrofishing, to verify results and assess the
extent of change. For example, four species that are listed as threatened or endangered in
Victoria were detected in this study (Galaxiella pusilla, Nannoperca variegata, Maccullochella
peelii and Macquaria australasica). Environmental DNA detections of these species in
previously unknown locations may trigger more extensive traditional surveys to locate new
populations so that conservation actions can be implemented, or so that more detailed data can
be collected (e.g., abundance, health status, age class, breeding status, genetic samples).
Similarly, eDNA metabarcoding could be used to monitor for the encroachment of invasive
species, or to evaluate the effectiveness or longevity of a translocation (Hempel et al. 2020).

Thus, eDNA metabarcoding shows great promise for the routine monitoring of aquatic fauna.

5.6 Conclusions

We demonstrate that eDNA sampling can be used to investigate broad-scale patterns of
occupancy in fish communities using a systematic study design and multi-species site
occupancy-detection models. We also demonstrate that data obtained from eDNA sampling
can be used to investigate how different groups of taxa —such as native or introduced species—
respond to environmental covariates or the species richness of other groups. These results
support the use of eDNA sampling for monitoring species distributions in Australia as well as

globally.
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Chapter 6
General discussion
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6.1 Overview

In this thesis, | examined the use of eDNA sampling, combined with site occupancy-detection
models, for detecting aquatic vertebrates using single- and multi-species eDNA detection
methods. My aims were to i) compare the sensitivity of eDNA metabarcoding and a single-
species detection method (qPCR); ii) implement a systematic study design to demonstrate how
broad-scale eDNA sampling can be used to investigate the impact of land use and site level
factors on platypus occupancy; iii) determine whether platypus occupancy was impacted by
the 2019/2020 mega-fires in south-eastern Australia using eDNA sampling and a Before-After
Control-Impact (BACI) design; and iv) demonstrate how broad-scale occupancy data from
eDNA sampling can be collected for multiple fish species, revealing occupancy patterns and
the impact of different land uses on native and introduced fish. To achieve these aims |
conducted extensive fieldwork across south-eastern Australia and combined eDNA sampling
data with hierarchical site occupancy-detection models to estimate occupancy, availability, and
detection probabilities. In this chapter, | outline key findings and management implications
from my four empirical chapters. | will also discuss the limitations of this work and outline my

recommendations for future research directions.

6.2 Key findings

Environmental DNA method selection

Chapter 2 aimed to provide a robust and uniform approach to compare the sensitivity of single-
species and multi-species eDNA detection methods. The relative sensitivity of these methods
is of great importance when considering which method to choose for any given project. While
there have been some comparisons of these two approaches in the literature (Harper et al. 2018;
Bylemans et al. 2019; Wood et al. 2019; Schenekar et al. 2020), all have been analysed using
different field and laboratory methods and different statistical analyses. This chapter advances
the field by providing a consistent framework with which to compare single and multi-species
eDNA detection methods between different datasets (numbers of sites, samples, replicates),
different study systems and different target species. | found that, generally, g°PCR was more
sensitive than metabarcoding at detecting target species. Importantly, however, different
methodological considerations affected the extent of the difference between the two

approaches. For example, thresholds placed on data using either eDNA detection method,
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altered its sensitivity for detecting target species. Therefore, | recommend emphasis be placed
on the aims of the study before choosing a method, as well as careful consideration as to what
methodological decisions will be made prior to selecting a detection method. For example,
while metabarcoding does provide data on many species, sensitivity to detect individual species
is reduced compared to gPCR. In situations where false absences would be detrimental to a
project, a targeted species detection method, such as gPCR, should be chosen to reduce the
probability of false negatives. A combination of both methods could also be considered. For
example, Pukk et al. (2021) used eDNA metabarcoding to determine fish diversity and aquatic
invasive species (AIS) prevalence in lakes. The maximum number of fish species detected at a
site was 42, and the maximum number of AIS was three. In this circumstance, where there is a
small number of invasive species, a hybrid approach could be used (employing both
metabarcoding and a single-species detection method) to ensure a high probability of detection
for invasive species at each site. This could ensure AIS occupancy estimates are not
compromised by a less sensitive method. This approach would result in more accurate detection
data for AIS and therefore potentially better-informed management actions. Hybrid studies
may become more widespread as primers and probes for different species are developed and

can be used more widely.

Environmental DNA sampling at broad spatial scales

Chapter 3 aimed to demonstrate that eDNA data can be collected at a broad spatial scale to
investigate correlates of species occupancy. | focused on platypuses for this study. | used a
stratified sampling design to ensure contracted catchments (unit of replication for stratification)
were selected across different land uses. This study, to the best of my knowledge, is the largest
scale eDNA study using a systematic study design. | collected eDNA samples across south-
eastern Australia between August 2018 and March 2021, focusing on the peak platypus activity
times of spring and autumn. The fieldwork was completed despite significant delays associated
with catastrophic bushfires in south-eastern Australia, and then by the COVID-19 pandemic,
whereby regional or interstate travel became impossible. Using hierarchical site occupancy-
detection models, | investigated whether chosen environmental covariates affected the
probability that platypuses would occupy a site. | found that land use types —such as
agriculture, and grasslands and shrubs— resulted in a lower probability that platypuses would
occupy a site. In contrast, the presence of appropriate burrowing banks, increased runoff, and

fewer zero-flow days resulted in a higher occupancy probability. My results were consistent
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with the existing body of knowledge on platypus habitat preferences (Grant and Temple-Smith
1998; Serena et al. 1998; Grant and Temple-Smith 2003; Bino et al. 2020) and therefore
demonstrate that valid data can be collected using eDNA detection methods over broad spatial

scales.

Chapter 5 extends the work of chapter 3, considering the broad-scale detection of fish across
the state of Victoria using eDNA metabarcoding. It again demonstrates that eDNA sampling
can be efficiently deployed across vast areas, not only for single species (chapter 3) but for
entire biological communities. | used this data to consider how native and introduced fish
respond to environmental factors. | found that both native and introduced fish species
responded similarly to water availability and flow-based metrics. However, occupancy of
native fish was higher at sites with a higher proportion of forest and agriculture in the
surrounding contracted catchment, compared to introduced fish when using the full dataset.
When only considering common species detected more than 10 times, native and introduced
species occupancy probability fell with an increase in forest cover. This could be due to the
presence of the cooler water species, brown trout (Salmo trutta), or the physical conditions
present in these cooler and higher elevation regions. This chapter again demonstrates the
validity of data collected using eDNA sampling with a systematic study design. We can use
this method and subsequent data to help us understand patterns in the occupancy of multiple

species and to map species occurrence across vast areas.

Measuring change in occupancy after a disturbance using
eDNA sampling

Chapter 4 demonstrates the advantages of collecting eDNA detection data over different time
periods and following extreme environmental disturbances. | collected extensive pre-fire data
on platypus occupancy using eDNA sampling within and surrounding areas which were
subsequently burnt in the 2019/2020 mega-fires. We then returned to 118 sites in both 2020
and 2021, resulting in sites sampled across three time points. | adapted hierarchical site
occupancy-detection models to incorporate a Before-After Control-Impact (BACI) design to
investigate if platypus occupancy changed in the short and medium term after the wildfires. An
advantage of the BACI design was that factors other than the impact of the disturbance were
controlled between sampling time points and between burnt/unburnt sites (Southwell et al.
2021). | found that platypus occupancy did not vary significantly between control and impact

sites, indicating that platypus occupancy was not generally affected by the presence of fire.
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This is a positive outcome for platypuses, a species now classed as vulnerable in the state of
Victoria under the Flora and Fauna Guarantee Act 1998. | did, however, find a significant
impact on platypus occupancy when considering the interaction between the proportion of a
watershed burnt at high severity and the amount of rainfall in a watershed post-fire. The
occupancy probability of platypuses was lower at sites where the local watershed both
contained a large proportion of vegetation burnt at high severity and experienced large amounts
of post-fire rainfall. High severity fire in combination with high rainfall has already been found
to be a significant threat to aquatic organisms such as fish and macroinvertebrates due to
decreases in water quality and sediment flows (Shakesby et al. 2007; Lyon and O’Connor 2008;
Verkaik et al. 2014). This finding demonstrates that semi-aquatic species such as platypuses

can also be impacted by extreme wildfire events.

Management implications for platypuses

In this thesis, | have shown that eDNA sampling is a very useful tool to detect platypuses and
to efficiently investigate correlates of their occupancy over large spatial extents. Platypuses are
a widespread species, previously assumed to be common. Their distribution spans eastern
Australia from Tasmania in the south to northern Queensland in the north (Woinarski and
Burbidge 2016). They are now classed as vulnerable in the state of Victoria due to mounting
evidence of their decline in some areas due to urban growth and habitat destruction, as well as
drought and altered flow regimes (Woinarski and Burbidge 2016; Scientific Advisory
Committee 2020). Platypuses are a difficult species to detect. They are cryptic and
predominately nocturnal, so incidental observations, while useful, do not give the full picture
of platypus distribution (Lugg et al. 2017). Trapping methods are generally used to gain
population-level data on the health and status of platypuses (Bino et al. 2019; Hawke et al.
2021), however this method cannot be deployed on a distribution-wide scale for this species in
a timely and cost effective manner. | have demonstrated in chapters 3 and 4 that eDNA
sampling can be used as a broad-scale sampling tool to monitor the occupancy of this species
across a large proportion of their widespread distribution. Environmental DNA sampling can
identify locations where trapping for population monitoring will be useful and can provide
baseline data on occupancy that is likely to be critical for monitoring distributions over time.
This baseline data will be especially important for a cryptic species such as platypuses, where
distribution data is patchy at best and lacking in many areas, especially in difficult to access

and remote regions.
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As | demonstrated in chapter 3, eDNA sampling can also be used to efficiently investigate
correlates of a species distribution. A key finding was that platypuses were less likely to occupy
sites with predominately agricultural and grassland land uses and more likely to occupy sites
with suitable banks for burrowing, more runoff, and less zero-flow days. Reductions in winter
and autumn rainfall are predicted as the climate in south-eastern Australia changes (Hope et al.
2018), potentially resulting is less runoff and more zero-flow days. This could have negative
consequences for the distribution of platypuses as they are more likely to occupy areas with

more (or more consistent) rainfall, leading to increased runoff and less zero-flow days.

My results in chapter 4 show that platypus occupancy could be negatively impacted by the
combination of high severity fire and high rainfall post-fire. There is a trend of larger mega-
fires occurring globally where greater extents of forested areas are being burnt at high severity
(Collins et al. 2021). High model agreement suggests that south-eastern Australia will receive
more extreme rain events (Hope et al. 2018). This combination of extreme rainfall and high
severity fires could impact platypuses and other aquatic species significantly and thus should

be considered in the conservation and management decisions of this group in the future.

Despite being an iconic species once considered widespread and common, | have demonstrated
that, in the future, they could be at risk of decline. The future implications of climate change
need to be considered in any management, and ongoing monitoring is essential for providing
the data necessary to document any decline. Environmental DNA sampling would be the
optimal tool for such a monitoring program and the data accumulated during this PhD can

provide a baseline for monitoring change.

6.3 Key advances

This thesis advances knowledge of eDNA sampling and the inferences that can be made from
this emerging technology. It was especially important to demonstrate the use of eDNA
sampling across vast areas of Australia (chapters 3 and 5), as this method has not yet been
routinely applied across such large scales to detect rare, cryptic, or invasive species (though
it’s use is increasing rapidly; Smart et al. 2015; Bylemans et al. 2016; Hinlo et al. 2017; Piggott
2017; Tingley et al. 2021; West et al. 2021; McColl-Gausden et al. 2021). These results and
applications are globally relevant, demonstrating the huge spatial scales over which high
quality data can be collected, and the conclusions that can be drawn from such data. For
example, chapters 3 and 5 considered platypus and fish distributions, and without even sighting
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a platypus or a fish during fieldwork, | was able to investigate how different land uses, flow,
and runoff, and even species richness, affected a species’ occupancy. Chapter 5 also
demonstrated that threatened species can be detected using metabarcoding —I detected four
species of threatened fish— without a priori knowledge of their occupancy. This data provides
a baseline for future monitoring upon which expanded eDNA surveys could be used to
efficiently map their distribution. Chapter 4 was born out of circumstance, but without the
extensive eDNA sampling I had conducted prior to the 2019/2020 mega-fires, | would not have
been able to undertake the subsequent analysis and determine the impact of these fires on
platypus occupancy. Pre-fire data across some very remote parts of south-eastern Australia
were invaluable for not only considering the impacts of the large-scale fires on platypuses, but
also impacts on other vertebrates using the multi-species detection method metabarcoding. The
use of site occupancy-detection models across all chapters enabled me to incorporate
uncertainty at the inherently hierarchal levels of eDNA sampling, the site, sample, and replicate
levels. | was able to adapt these models to answer my research aims, demonstrating the promise

of this very flexible modelling framework.

6.4 Limitations

There are several limitations in this work that should be addressed to assist interpretation. An
evolving area of research is the transport or movement of eDNA in lotic systems. Estimates of
eDNA transport vary considerably depending on the size and substrate of the waterway
(Fremier et al. 2019). Environmental DNA can be degraded to the point where it cannot be
detected, as well as be adsorbed to the substrate (Nukazawa et al. 2018). | assumed in each of
my chapters that DNA detected at a site was from an individual or individuals occupying that
site (or in close proximity). However, due to eDNA transport, individuals could be located
upstream of a site. | attempted to account for transport with covariates in chapters 3, 4 and 5
by considering factors that might affect occupancy at the contracted catchment or watershed
level. For example, the proportion of a contracted catchment covered by a certain land use, as
opposed to the land use at the sampling site. By considering these catchment level factors, the
effect eDNA transport has on any inferences is greatly reduced. For the site-level covariates
(chapters 3 and 5) my assumption of site occupancy may not be correct in all circumstances,
but I believe it is justified given current understanding of eDNA transport, the size of the rivers

sampled (generally smaller rivers and creeks), and the distance between sampling points
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(generally more than 7km). Improvements in our understanding of eDNA transport could

considerably improve the accuracy of this work.

Another limitation of this research, which I discussed in chapter 3, pertains to the distribution
of site level variables. While the contracted catchments selected for this study were stratified
across different vegetation states, | could not ensure the appropriate stratification for site level
variables, as these could not be determined prior to the measurements being taken in the field.
This resulted in some site level variables being under-represented in the dataset, potentially
resulting in more uncertainty around those variables. For example, the “excellent” category for
burrowing banks was only represented by 45/504 sites. Additional targeted sampling could add
more sites into these under-represented categories and thus potentially reduce the uncertainty

around the parameter estimates presented in chapter 3.

In chapter 3, | collected ordinal data on the suitability of a site for platypuses based on previous
research of platypus habitat preferences (e.g., good, fair, or excellent habitat). | deemed ordinal
data as appropriate at the time of the study design due to the need for multiple people to take
eDNA samples for the project, including the potential addition of citizen science data. |
predicted that we would be more precise in our estimates of the status of a site if the site
characteristics were placed into categories, as opposed to continuous values. However, there
were limitations in this use of ordinal data to represent habitat conditions at a site. For example,
ordinal data results in reduced statistical power compared to continuous variables, as data is
lost within categories. This may have impacted the ability to determine the relationship

between site characteristics and platypus occupancy accurately.

| developed different hierarchical site occupancy-detection models for all chapters, based on
those presented in Schmidt et al. (2013) and Applied hierarchical modelling in ecology (Kéry
and Royle 2016). Due to the novel nature of these models and time constraints, | was not able
to conduct thorough sensitivity analyses on these models for all chapters. A traditional
sensitivity analysis, varying the probability of occupancy and the parameters of interest, would
be ideal. I was able to conduct a thorough sensitivity analysis for chapter 3, varying occupancy
and P estimates (see Appendix C), however, more parameters could be investigated. Ideally,

such sensitivity analyses could be expanded to include the models used in chapters 4 and 5.

Finally, in chapter 4, the power to detect a change in occupancy (Guillera-Arroita and Lahoz-

Monfort 2012) was an important component which was lacking. A power analysis, considering
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the hierarchical BACI design we developed, was beyond the scope of the chapter and would
take more time to develop. It would, however, be a worthwhile pursuit to consider how many
sites need to be sampled across such a large spatial scale to detect different levels of change in
occupancy or distribution, and with different initial occupancy probabilities.

6.5 Future research directions

My thesis has explored several components relevant to the use of eDNA sampling, however,

there are many future priorities that | have identified for further research.

First, I have collected eDNA data for platypuses covering approximately 37% of their predicted
distribution and identified some covariates which affect the species’ occupancy. This extensive
dataset could be used to construct a species distribution model (SDM) to help predict where
platypuses are most likely to occur. A SDM could help inform future fine-scale trapping
surveys or identify areas of important platypus habitat for future interventions (Coleman and
Bragg 2021).

Second, predicting how platypus distribution may shift over time with land use, climate, and
fire regime changes will be an important step to ensuring their conservation. Metapopulation
models, such as those used in Bino et al. (2020), have been used to predict platypus population
declines with drought and fragmentation under climate change. Updated distribution data using
eDNA sampling could be used in combination with trapping and population data to develop
spatially explicit population viability analyses (PVAS), such as those using steps (Visintin et
al. 2020) or RAMAS GIS as in Bino et al. (2020). These packages and programs allow for the
integration of static or temporally variable spatial layers to define change in the landscape. It
would therefore be interesting to incorporate additional data not previously considered about
land use change, as well as fire and high rainfall events which | found to impact the occupancy
of platypuses. PVAs could help demonstrate how a population may change over time under
different management or climate scenarios (Bino et al. 2020), providing evidence for species

classifications and for informing conservation planning.

Third, multi-species eDNA detection methods and the samples | collected could be used to
investigate how other species were impacted by the 2019/2020 mega-fires. It would be
interesting to investigate if fire presence, or other more local impacts such as the interaction of

fire severity and rainfall post-fire, impacted other aquatic species occupancy strongly. These
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types of findings could provide further evidence that aquatic species are not always buffered
from the effects of fire, and that if these combinations of high fire severity and high rainfall
post-fire keep occurring, many aquatic species may be more threatened than previously
thought. This baseline data can also help managers plan or prioritise areas for post-fire

assessments in the future.

Fourth, as highlighted in the limitations of my work, eDNA transport is an area of active
research. Developing methods to predict eDNA transport is complicated, due to the complex
nature of eDNA detection in a waterway. Environmental DNA needs to be treated as a “sticky”
particle that can adsorb to the substrate and desorb back into the water column. Environmental
DNA can also be degraded in water, depending on the temperature and amount of UV light.
Progress is being made in this area (Fremier et al. 2019; Nevers et al. 2020) but a thorough
understanding of eDNA movement will ensure conclusions drawn from eDNA sampling are as
accurate as possible. An example of how eDNA transport could be measured in the systems |
worked in could be by conducting an experiment where a known concentration of a species
eDNA (from a zoo or sanctuary for example) is poured at a steady state into a waterway where
that species is not present. The detection of that DNA over time and at different distances from

the source could help build a model of DNA movement in that system.

Fifth, chapter 5 used multi-species detection methods and hierarchical site occupancy-detection
models to investigate how native and introduced species responded to environmental factors.
An extension of this work would be to use joint species distribution models (JSDMs) to
investigate the interactions between individual species. These species interactions will be more
helpful for management interventions. For example, if an introduced species is negatively
interacting with a native threatened species, the introduced species can be targeted or
monitored. JSDMs are also being developed which could account for imperfect detection
(Hogg et al. 2021) enabling multi-level data like eDNA data to be incorporated.

Lastly, eDNA detection methods are improving in their accuracy and the costs of using them
are reducing (Hunter et al. 2019; Loeza-Quintana et al. 2020; Burian et al. 2021). These
developments could allow the use of multiple methods in a single study to help confirm any
findings robustly, as well as enable sampling across larger spatial scales. For example,
metabarcoding using different target regions, in combination with targeted single-species
detection methods for certain priority species, could become a part of routine monitoring

programs. Biobanking could play a role for the centralised, long term storage of samples and
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data, enabling long-term datasets to be established, and newer technologies to be used on older

samples (Jarman et al. 2018).

6.6 Conclusions

This thesis presents novel methods to analyse eDNA detection data and demonstrates the vast
array of questions which can be explored using eDNA sampling and site occupancy-detection
models. | have presented a consistent model with which to compare the sensitivity of eDNA
metabarcoding and a single-species detection method, highlighting the need for careful
consideration of the detection method based on the aims of the study. | have demonstrated the
broad-scale sampling that can be achieved using both single- and multi-species eDNA
detection methods, highlighting the benefits of a systematic study design in drawing
conclusions about the factors affecting species occupancy. | have also shown that platypus
occupancy was not affected significantly by the 2019/2020 mega-fires in the areas we sampled
but have added to the growing evidence that aquatic species can be negatively impacted by the
combination of high severity fire and large rainfall events post-fire. This thesis highlights the
utility and benefits of using eDNA detection methods to monitor aquatic biodiversity,

providing important baseline data from which to predict the effects of global changes.
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Abstract

Environmental DNA, or eDNA —DNA shed from organisms and extracted from
environmental samples— is an emerging survey technique that has the potential to transform
biodiversity monitoring in freshwater ecosystems. We provide a brief overview of the primary
methodological aspects of eDNA sampling which ecologists should consider before taking
environmental samples in the field. We outline five key methodological considerations: (i)
targeting single-species vs multiple-species; (ii) where and when to sample; (iii) how much
water to collect; (iv) how many samples to take; and (v) recognising potential sources of false
positives. The need to account for false negatives and false positives in eDNA surveys, and the
power of site occupancy-detection models in accounting for imperfect detection, is also

discussed.

Introduction

Understanding spatial changes in biodiversity patterns is important for informing conservation
efforts, but landscape-level data on species distributions can be logistically and financially
difficult to collect. Environmental DNA (eDNA) sampling —the detection of extra-organismal
DNA sourced from environmental samples without any obvious biological source material
being present (Taberlet et al. 2012)— is an emerging survey technique that could, for many
species, facilitate efficient and cost-effective collection of landscape-level data. DNA can be
shed into the environment from various sources, including skin cells, mucous, faeces, or even
individual hairs. Previous studies have shown samples of water, snow, soil, and air can be used
to determine species presence-absence at a site (Dalén et al. 2007; Andersen et al. 2012; Lugg
et al. 2017; Leontidou et al. 2018). In this brief review, we focus on the detection of eDNA
presence-absence in freshwater ecosystems, which are globally imperilled and particularly
amenable to eDNA sampling. Indeed, freshwater ecology is an area in which significant
technical and practical progress has been made in the field of eDNA sampling (Cristescu and
Hebert 2018), although similar progress is also starting to occur in marine environments (Foote
et al. 2012; Thomsen et al. 2012; Kelly et al. 2014).

The first step in assessing the suitability of any emerging technology, such as eDNA sampling,
is to compare the results it produces against traditional sampling methods (Lahoz-Monfort and
Tingley 2018). As with other emerging technologies in ecology, such as drones (Hodgson et
al. 2016), thermal cameras (Goodenough et al. 2017), and detector dogs (Cristescu et al. 2015),
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eDNA sampling in aquatic environments has been compared to traditional survey methods,
such as trapping (Shaw et al. 2016), aural surveys (Valentini et al. 2016), and electrofishing
(Evans et al. 2017). In many aquatic systems tested to date, eEDNA sampling has been capable
of detecting species or communities more effectively than traditional methods (see Lugg et al.
2017). Environmental DNA sampling lends itself to baseline data collection on species
distributions, as well as routine monitoring programs that aim to track changes in species
distributions over space and time. If more detailed data on population or individual health (e.g.,
reproductive output, juvenile recruitment, sex, genetic variation, abundance) are required,
eDNA can highlight sampling locations for more traditional, time-intensive capture methods.
However, eDNA methods also show some promise in this regard (providing population- and
individual-based information), particularly as technologies improve (Sigsgaard et al. 2016;
Bylemans et al. 2017).

Environmental DNA sampling has many elements that make it a promising survey method. It
allows for landscape-level data to be collected cost-efficiently for many species without
invasive sampling (e.g., capturing), or even sighting animals. Thus, eDNA sampling largely
eliminates concerns around animal ethics. An additional benefit of eDNA sampling is that it
reduces health and safety concerns for researchers and employers. For example, eDNA
sampling eliminates high-risk activities, such as entering waterways to check fyke nets for fish
and platypuses (Serena 1994) or conducting backpack or boat electrofishing surveys for fish
(Wilcox et al. 2016). This technique can potentially detect cryptic or rare species that evade
capture with other methods, and detect species at life stages that were previously difficult to

detect or distinguish between (Dejean et al. 2012).

Despite these benefits, using eDNA sampling in biodiversity surveys is currently more complex
than using most traditional survey methods. This is largely because eDNA sampling is a
relatively new monitoring technique and standardised approaches have not been developed (see
Goldberg et al. 2016). Thus, our objective in this paper is to provide a brief overview of the
primary methodological aspects of eDNA sampling that ecologists who are interested in using
eDNA should consider before taking environmental samples. Because our work is aimed at
practitioners collaborating with a fully-equipped genetics laboratory, we do not consider other
important, but more technical considerations, such as DNA extraction method, gene region,
primer selection, and marker specificity (see Freeland 2017). Nor do we touch on quality

control issues, such as field and laboratory negative controls, mock community positive
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controls, index switching (exclusive to metabarcoding and pooling samples), OTU thresholds,

or read depth (Deiner et al. 2017). For excellent reviews incorporating such considerations see
Bohmann et al. (2014), Cristescu and Hebert (2018), Deiner et al. (2017), and Rees et al.

(2014).

Our review is structured around five key methodological considerations: (i) targeting single

species vs multiple species or communities; (ii) where and when to sample; (iii) how much

water; (iv) how many samples; and (v) mitigating false positive detections (Figure A.1). We

conclude with a discussion of the need to consider imperfect detection in eDNA surveys, and

briefly highlight the power of species occupancy detection models (SODM) in this regard.

Single- or multi-

species?

Depends on objective (e.g.,
monitoring communities vs.
occurrence of an invasive
species)

Main differences

=Primer/probe development

When and where
to sample?

O

Depends on species
phenclogy and habitat use,
and likelihood of eDNA
retention and transportation

Periods of high density or
activity

Preferred habitat

Locations with high
probability of eDNA retention

Flows can impact optimal
timingand location

Depends on capture method

Filtration vs precipitation
methods process different
watervolumes

Filter type and pore size can
interact to affect water
volume

Optimal pore size may
depend on site conditions

How many
samples?

boibe

Depends on species density
and habitat type; efficiency of
capture and eDNA extraction
method; sample inhibition;
and primer sensitivity

Replicates needed dueto
sample heterogeneity

Collecting samples on
multiple visits may increase
detection probability

Mested replicatestructure
lends itself to Species
Occupancy Detection
Modelling

Sources of false
positives?

Depends on hygiene
protocols, likelihood of
natural eDMA transport to
unoccupied sites, and eDNA
persistence

Assesslaboratory
contamination via the use of
negative controls during DNA
extractionand PCR

Figure A.1 Key methodological considerations for eDNA sampling in the field, with notes on relevant
methodological decisions.
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Targeting single species vs multiple species

Environmental DNA detection methods can be divided into two broad categories: single- and
multi-species methods. Single-species methods focus on eDNA quantification from a single
target species using probes that are specific to the species or population(s) of interest. Most
single-species studies use real-time quantitative polymerase chain reaction (qPCR), although
traditional PCR (Goldberg et al. 2011) and Droplet Digital PCR (ddPCR) (Doi et al. 2015)
have also been used. Single-species detection methods have been used broadly to successfully
detect rare (Laramie et al. 2015; Schmelzle and Kinziger 2016; Simpfendorfer et al. 2016) and
invasive (Hunter et al. 2015; Hinlo et al. 2017; Klymus et al. 2017; Tingley et al. 2018) species
in aquatic environments. Multi-species detection methods —also known as metabarcoding—
take a broader, community-focused approach. High-throughput next generation sequencing
(NGS) technologies for DNA sequencing enable all species from one or more target groups

(e.g., fish, amphibians, or decapods) to be identified (Taberlet et al. 2012).

Whether to adopt a single- or multi-species eDNA approach depends primarily on the specific
aims of the study. Clearly, a single-species approach is not appropriate when the scientific or
management objective pertains to community-level patterns. But given the rich amount of data
afforded by metabarcoding, why would one ever adopt a single-species approach, even if a
study intends to focus solely on a single species? The answer to this question lies primarily in

the relative complexity, sensitivity, and cost-efficiency of each eDNA approach.

Single-species approaches require species-specific primers/probes for a target DNA region,
whereas metabarcoding requires primers designed to bind to conserved DNA regions across
the target group. The ability to distinguish species within the target group then relies on a
reference library of known sequences matched to species, with which the sequenced eDNA
data can be compared. Publicly available sequence databases, such as GenBank (Clark et al.
2016), can be used to generate reference libraries at a broad level, but often native species are
poorly represented in these databases. Therefore, a local reference library, consisting of genetic
sequences of each species from the study area (as in Valentini et al. 2016), is recommended;
this will also help account for any intraspecific variation within the gene region being
sequenced. Once this library has been established, it can be used by future studies; however,
its initial development can be expensive and time-consuming relative to the resources needed
to design a species-specific primer. Different target gene regions will also provide different

levels of species resolution, and this needs to be considered when undertaking metabarcoding
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surveys, as some gene regions may not differentiate closely related species (Bylemans et al.
2018). Primer bias can also result in some species not being detected in a sample when they
may be present in the environment, as some species may amplify more readily than others
(Elbrecht and Leese 2017).

Metabarcoding requires bioinformatic pipelines to demultiplex samples —assigning sequences
to samples— and assign genetic sequences (or haplotypes) to species (Coissac et al. 2012).
Once again, these pipelines can be reused once developed, but the bioinformatic tools needed
for metabarcoding are much more labour-intensive and require a different level of expertise

compared to a single-species approach, which is much more routine in a molecular laboratory.

Few studies have directly compared the sensitivity of single- vs multi-species eDNA assays for
individual species, although Harper et al. (2018) demonstrated that gPCR resulted in greater
detectability for Great Crested Newts (Triturus cristatus) relative to metabarcoding.
Nonetheless, this increased sensitivity needs to be evaluated against a study’s aims and the
nature of the study system. In some cases, accepting a slightly lower detection probability for
a target species may be worthwhile if additional data on biotic interactions (e.g., presence of
prey, competitors, predators, disease) would change scientific inferences or management
decisions. In other cases, such as determining whether an endangered species is present at a
site for an environmental impact assessment, a potentially less-sensitive metabarcoding assay
may not be the optimal choice. There may be situations where combining approaches
(metabarcoding and a single-species assay) is also appealing, particularly where sensitivity for
the target species is paramount in the survey design, but there is also a need for the additional
data on community composition. The advantage here is that sampling and DNA extraction have
already been undertaken for one method; there is therefore a significant reduction in cost for
the second method.

Single-species eDNA assays using qPCR or ddPCR have revealed relationships between DNA
copy number and species abundance within a sample, indicating that the method can be used
to estimate density at a site (Klobucar et al. 2017; Tillotson et al. 2018). This provides
additional information beyond just presence-absence and is therefore an additional
consideration when designing an eDNA study. While, in theory, multi-species eDNA
approaches can also estimate a measure of DNA copy number within a sample, this relationship
is much more complex in metabarcoding due to the methodology employed, and therefore

generally considered a relatively weak indicator of species abundance at a site (Fonseca 2018).
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The final consideration as to whether to adopt a single- or multi-species approach —cost-
efficiency— has not, to the best of our knowledge, been explicitly studied. Metabarcoding is
considerably more expensive than single species PCR-based approaches when only
considering a single target species, but it remains to be seen at what point (e.g. the number of
species) metabarcoding is more cost-efficient. Clearly this will depend on the number of
species present in a system and the availability of single-species eDNA assays (Shaw et al.
2017).

For the remainder of our review, we focus primarily on considerations for single-species eDNA
studies, as this approach has been developed to a much greater extent than metabarcoding.
However, many of our recommendations pertain to general sampling design and thus are also

relevant for eDNA metabarcoding.

When and where to sample?

As with other survey methods, the timing and location of eDNA sampling needs to be carefully
considered. The optimal timing of eDNA sampling will depend on a species’ phenology, as
well as the likelihood of DNA transportation and retention. When the primary objective is to
maximise the probability of detecting a single species, sampling at a time of year when the
target species is most active (e.g., the breeding season), or is in highest abundance (Buxton et
al. 2017), may maximise the amount of DNA present in the system. This assumes, of course,
that this information is known for the target species, and that DNA shedding rates are
equivalent across different life stages of the target species.

In lotic (flowing) systems, the transportation and retention of eDNA is also important.
Environmental DNA can be transported downstream to an unoccupied site or diluted to
undetectable levels at the point of origin (Pont et al. 2018). Estimates of eDNA transportation
differ greatly between studies. Balasingham et al. (2017) found residual eDNA at detectable
levels only 960 m downstream, whereas Deiner and Altermatt (2014), in a faster flowing but
similar-sized stream, detected a species’ eDNA 9.1 km downstream. The retention of eDNA in
a system also needs to be considered, as eDNA can interact with environmental or biotic
elements in the system that cause it to be retained, removed, or released (Shogren et al. 2017).
Shogren et al. (2017) considered some of these complex issues by investigating the transport,

retention and resuspension of eDNA empirically using controlled experimental streams. They
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suggest that the complexity of eDNA detection in lotic systems should be considered but

requires further progress to be made towards predictive modelling of eDNA transport.

Where to take a sample within a site is also important. The optimal sampling location within a
site will depend on a species’ habitat preferences and the likelihood of DNA retention (Buxton
et al. 2018). Targeting preferred habitat could increase the likelihood of detecting the target
species but certain habitats will retain DNA for longer periods of time. For example, the DNA
of a species that occupies vegetation around the stream edge may be retained at a site for a
longer period compared to a species that prefers the water column in the middle of the stream,

simply because of the water’s physical movement.

Sampling from the water column compared to the sediment could yield different concentrations
of eDNA and represent different timescales of species presence. eDNA in sediments is more
concentrated than eDNA from the water column, due to eDNA settling through the water
column (Turner et al. 2015). The timescales represented by sediment samples could be much
longer compared to those of the water column (Turner et al. 2015) due to the exponential decay
of eDNA,; a higher starting concentration results in a longer decay time (Thomsen et al. 2012;
Barnes et al. 2014).

Environmental conditions can also affect eDNA detectability via DNA degradation. Strickler
et al. (2015), for example, concluded that habitats with less solar radiation and more alkaline
water retained eDNA for longer periods. However, there can also be a trade-off; environments
with higher levels of solar radiation that are warmer can increase DNA shedding rates from a
target species, offsetting higher degradation rates (Robson et al. 2016). Other biotic factors,
such as the presence of biofilm, have been shown to increase the degradation rate of eDNA in

flowing systems (Shogren et al. 2018).

How much water?

Filtration and precipitation methods have been used to capture eDNA and each method can
process different volumes of water (Li et al. 2018). Precipitation involves adding sodium
acetate and ethanol to water samples (as in Dejean et al. (2011) and Harper et al. (2018)).
However, only a small subsample (typically 15 ml, but up to 30 ml (Eichmiller et al. 2016; Li
etal. 2018)) can be used, which could impact the amount of eDNA that is recovered (Eichmiller
et al. 2016). Filtration methods, in contrast, can process larger water volumes (Li et al. 2018).
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Below we focus on filtration, as it is the most commonly used method (Smart et al. 2015; Shaw
et al. 2016; Hinlo et al. 2017; Lugg et al. 2017; Tingley et al. 2018). Filtration can involve on-
site filtration by hand (Lugg et al. 2017), using a peristaltic pump (Goldberg et al. 2011), or
the collection of site water in sterile water bottles, which are later filtered in the laboratory

using a vacuum pump (Piaggio et al. 2014; Smart et al. 2015).

The eDNA capture method selected should optimise eDNA preservation until DNA extraction
can take place. In the case of filtering methods, there are various types of filters available, each
made of different materials, and of open or closed varieties. Closed filters, which consist of a
filter that is enclosed in a casing, have been used more recently in eDNA studies (Lugg et al.
2017; Spens et al. 2017). The advantage of using a closed filtering system is increased DNA
preservation (reduced degradation) and potentially lower contamination risk (Spens et al.
2017). More traditional, open filter units require the filter to be handled, as well as the use of a
filter funnel and vacuum pump, thus increasing contamination risk. The most efficient filtering
membrane used in closed filters is polyethersulfone (PES), whereas open filters contain mixed
cellulose ester membranes, polycarbonate track-etched filters, or glass fibre filters (Spens et al.
2017). Some membrane types can affect the ability to filter water regardless of pore size. For
example, smaller volumes can be filtered with polyvinylidene difluoride (PVDF) Sterivex 0.45
pum filters than with PES Sterivex 0.22 um filters, due to the hydrophobic nature and protein
retention of the former. There are various preservation methods for filters (in the field or
laboratory), including drying, freezing, ethanol, or the use of a buffer, such as Longmire’s
solution (Goldberg et al. 2016). The preservation method selected may depend on availability
of field resources; for example, the availability of a freezer at field sites. PCR can now also be
conducted in the field using portable gPCR machines, such as BioMeme® (Philadelphia, PA,
USA), meaning the presence/absence of a target species can be confirmed within

approximately one hour of sampling.

The pore size of the filter used to capture eDNA and the amount of water sampled can impact
the amount and quality of DNA extracted from environmental samples. The source of DNA,
for example extracellular or cellular DNA, could also dictate the most appropriate pore size
(Taberlet et al. 2012). Some studies have found that smaller pore sizes can retain greater
quantities and smaller particles of eDNA (Shaw et al. 2017). Turner et al. (2014) found that
common carp (Cyprinus carpio) eDNA (an invasive species in Australia) ranged in size from

> 180 um to < 0.2 pum, and recommended using a 0.2 um pore size to capture these smaller
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particles. Eichmiller et al. (2016) and Liang and Keeley (2013) both found that smaller pore
sizes (such as those around 0.2-0.6 um) enabled the extraction of more eDNA. However, Li et
al. (2018) found that pore size did not affect eDNA yield or species detectability, although they
only tested filter pore sizes between 0.45 pm and 1.2 pm.

Given the emerging consensus in the literature that smaller pore sizes do not hinder, but in
some cases, improve eDNA quantification, why might one consider a filter with a larger pore
size? There is an inherent trade-off between filter pore size and the volume of water that can
be passed through the filter (Mé&chler et al. 2016; Minamoto et al. 2016). Smaller pores get
clogged more easily, and thus limit the amount of water that can be filtered for a given sample
(Li et al. 2018). Filtration of a larger water volume has, for some species, shown to increase
detection rate (Méachler et al. 2016). Presumably, filtering larger volumes of water increases
the chance of capturing a species’ DNA from a site; filtering small amounts of water risks
missing the species’ DNA entirely. However, to the best of our knowledge, this has not been
rigorously tested across a range of species and therefore more research is required to improve
our understanding of how water volume interacts with filter pore size for detectability of
different species.

In practice, the choice of pore size will depend on the conditions of the study area. For example,
in more turbid environments, such as farm dams or heavily disturbed sites, larger pore sizes
may be required, as they will clog less often, enabling a larger volume of water to be processed.
In clearer, faster-flowing streams, it may be preferential to use a smaller pore size to ensure
smaller eDNA particles are captured. Collecting a larger quantity of water is also likely to
become more important as water body size increases, although collecting additional water

samples can help alleviate this issue.

How many samples?

The optimal number of samples to take at each site depends on the detectability of the target
species. A species’ detectability using eDNA depends on various ecological factors, including
abundance (more individuals = more eDNA), life-history (fully aquatic or not), and habitat
(fast-flowing river vs lentic pond). Detection probability also depends on the efficiency of the
capture and DNA extraction methods, any sample interference (inhibition), and primer
sensitivity (see Goldberg et al. 2016). The number of samples taken should reflect this

detectability, as accurately estimating site occupancy of a species is generally the main
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objective of any biodiversity survey. Detectability can be estimated with a pilot study at field
sites where a species is simultaneously observed, or via mesocosm or laboratory trials. In the
absence of resources for such studies, detectability can be estimated using taxonomically- or
ecologically-similar species, although this approach has not, to the best of our knowledge, been

validated for eDNA sampling.

The reason that replicate samples are recommended is that there is likely to be heterogeneity
between samples (Schmidt et al. 2013; Furlan et al. 2016; Shogren et al. 2017), due to the
nature of random sampling, and the potential for uneven distribution of eDNA molecules in
the environment (Hunter et al. 2015). This heterogeneity is introduced by the water sampling
process; for any given water sample, there is an associated ‘availability” probability (Schmidt
et al. 2013). That is, there is a probability that the water sample in question actually captures a
species’ DNA from the site when present. Note that this replication is distinct from replication
at the gPCR level (technical replication), in which multiple gPCR assays are run on each water

sample (see Accounting for imperfect detection: SODM for eDNA data).

Greater numbers of water samples may be required at sites that present difficult filtration
conditions (e.g. high turbidity or PCR inhibition). Under such conditions, increasing the
number of samples collected could increase the probability of capturing the eDNA of the target
species in the sampled water. Machler et al. (2016) detected a positive relationship between
the volume of water sampled and detection rate for one macroinvertebrate species but found
no relationship for two others. They speculated that this relationship could exist for the other
two species, but that the smallest volume of water tested did not reach the lower limit of
detection for those species, and thus no relationship was observed. A review undertaken by
Willoughby et al. (2016) found that water volume did not impact species detectability, but the
number of replicate samples taken at a site did, as also suggested by Furlan et al. (2016),
Schmidt et al. (2013) and Shogren et al. (2017). The effect of water volume on species

detectability is likely to be species-specific.

A final consideration is whether to collect replicate samples on a single site visit (which
minimises travel costs) or whether to stagger sample collection over multiple visits to reduce
stochastic variability in eDNA detections. Although focused on a single species, the results of
Smart et al. (2016) suggest that the latter approach - collecting water samples on repeat site

visits - is the more cost-efficient approach.
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Recognising potential sources of false positives

As with many survey methods (e.g., aural detections, point-count surveys), there is potential
for one or more species to be detected at an unoccupied site (i.e., false positive detections) with
eDNA sampling. False positives can enter the detection process via several pathways in the
field, including sample contamination, eDNA transport, and eDNA persistence (Darling and
Mahon 2011; Evans et al. 2017).

Contamination can be minimised by ensuring protocols are in place to avoid contaminating
samples and sites with a target species’ DNA. Such protocols should, at a minimum, involve
the sterilisation of field equipment, such as boots, and the use of single-use gloves and sampling
equipment (e.g. syringes). Decontamination of field equipment for re-use (e.g. boots, buckets,
trays, sampling poles, bottles) can be undertaken using a 10% commercial bleach solution
(Smart et al. 2015). Entering the water should be avoided completely, if possible, and may
necessitate extra sampling equipment (e.g. sampling poles). False positive detections at the site
level can also arise via the movement of eDNA by a non-human source; for example, a predator
could move an animal's body from one site to another, or leave traces of another species via its

faeces.

Natural transport of eDNA downstream is also a potential source of false positives in lotic
systems. Methods to reduce the chance of false positive detections in lotic systems include
ensuring adequate distance between sampling sites, sampling over a short time period, or
ensuring that sampling sites are not connected by waterways (Lugg et al. 2017). However, the
exact location of an individual may be irrelevant when conducting management over large
spatial scales (e.g., at the scale of entire catchments). Similarly, sampling along a waterway in
multiple locations can provide insight into this movement via estimation of eDNA
concentrations of target species from samples (samples further away from the location of the

target species will likely display lower eDNA concentrations).

False positive detections can also arise in the field via prolonged eDNA persistence after the
extirpation of a species at a site. Detecting a species in conditions that rapidly degrade eDNA
(e.g., high UV, low alkalinity) suggests that an organism was present not long before sampling.
In conditions that favour eDNA persistence, eDNA could be from the time of sampling, or it
could simply be persisting in the environment, making the timescale of inference more

uncertain. This source of false positives is likely less of a concern than the potential sources
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outlined above, given that many studies have found that eDNA degrades rapidly (days to
weeks) in freshwater environments (Dejean et al. 2011; Piaggio et al. 2014). A species’ DNA
in the environment could be sourced from a live or dead organism, potentially resulting in a
false positive result if the assumption is that the site is occupied by live organisms (Darling and
Mahon 2011; Evans et al. 2017).

False positive detections can also occur in the laboratory as a result of sample contamination,
or as a result of more technical aspects of eDNA analysis, such as primer specificity (Wilcox
et al. 2013) or bioinformatic processing (Deiner et al. 2017). There are steps that can be
undertaken to determine laboratory contamination via the use of negative controls (during

DNA extraction and PCR) and/or mock communities for metabarcoding.

Accounting for imperfect detection: SODM for eDNA data

Given the above considerations, detection is likely to be imperfect with eDNA data.
Accounting for imperfect detection, using any survey technique, is vital to ensure accurate
estimates of site occupancy. Fortunately, a rich statistical literature on species occupancy
detection models (SODM) has been developed to account for imperfect detection in wildlife
survey data, and these models are a natural framework in which to analyse eDNA data (Dorazio
and Erickson 2018; Strickland and Roberts 2019). SODM estimate site occupancy whilst
accounting for imperfect detection, and thus are ideal for eDNA data, in which replicate
samples are collected at a set of sites, and there is potential for both false positive and false
negative detections (Schmidt et al. 2013; Lahoz-Monfort et al. 2016; Guillera-Arroita et al.
2017; Lugg et al. 2017).

Hierarchical SODM, which account for nested detection processes, are particularly attractive
for the analysis of eDNA data. This is because multiple PCRs are often nested within multiple
water samples taken at each site. For example, Hunter et al. (2015), Lugg et al. (2017) and
Schmidt et al. (2013) use a three-level SODM considering (i) the latent presence/absence of a
species, given the occupancy probability; (ii) the probability of the eDNA being contained (or
‘available’) within the water sample, given (i); and (iii) the probability of detecting the species’
eDNA using PCR, given (ii). Using such hierarchical models enables imperfect detection to be
incorporated at the different levels of the eDNA sampling process. Guillera-Arroita et al.

(2017) have shown how these models can be extended to account for false positive detections.
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SODM can also be applied to multi-species metabarcoding. For example, Valentini et al.
(2016) used SODM to estimate detection probabilities for multiple amphibian species.

Conclusion

Environmental DNA sampling has been used in a wide variety of ecological applications to
date, and important methodological considerations are beginning to emerge from this diverse
literature. Here we have highlighted the need to carefully consider these methodological
aspects before implementing an eDNA-based monitoring program. When applied appropriately
and complemented by analytical methods that account for imperfect detection, eDNA sampling
can be an effective survey method for documenting the distributions of native and non-native
species in freshwater systems. Its high sensitivity and use as a species- or community-level
survey tool means that it has the capacity to complement, or in some situations replace, more
traditional sampling methods. However, as with any emerging technology, it is important that
we evaluate the strengths and limitations of eDNA sampling relative to traditional methods,

and carefully consider the scientific or management objective at hand.
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Appendix B
Supplementary material for chapter 2

eDNA analysis

DNA extraction

DNA was extracted from filters using Qiagen DNeasy Blood & Tissue Kits (Spin-column
protocol) in a room that is dedicated to low-quantity DNA sources with gPCR setup undertaken
in a laminar flow hood. Into each filter unit, 540 uL of ATL buffer and 40 uL of proteinase K
was added and then each filter sealed and incubated for 3 hours at 56 °C with constant agitation.
The lysis solution was transferred into new 2 mL tubes. The manufacturers protocol was
followed for the rest of the DNA extraction with some minor adjustments; 500 uL. AL buffer,
500 puL ethanol, and a final elution step of 100 uL. AE buffer was used for each sample. Included
in every batch of DNA extractions (~24 samples) was a negative DNA extraction control (that
replicated the process using a sterile Sterivex filter). For the SE Australia dataset, there were
16 negative extraction controls and for the Melbourne dataset there were 15 negative extraction

controls.

Single species detection (qPCR assay)

Species-specific primers and TagMan® probe targeting the platypus Cytb mitochondrial
control region used in this study were from Lugg et al. (2017). Sequences for the primers/probe
were; forward primer OAcr_F CAGCAATACCCTAGACAAGG, reverse primer OAcr_R
CGCTTCAATGGCTGCGC, and MGB probe OAcr_MGB
CGAACCCCATGAGTAGAAAAT. Assays were from Life Technologies (Thermo Fisher

Scientific) as a custom TagMan® gene expression assay.

Using a Roche LightCycler 480 system in a 384-well format, Real-time TagMan® PCR assays
were conducted in 10 uL reactions containing 5 uL of 2 x Qiagen multiplex PCR Master Mix

(Qiagen), 0.5 pL 20X TagMan® Gene Expression Assay (final concentration each

primer/probe; 900/250 nM), 2.5 uL ddH20 and 2 puL of DNA were prepared in triplicate. In
each 384-well assay plate, control reactions containing 10, 100, 1000, 10000, 100,000 copies
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of O. anatinus Cytb synthetic oligonucleotide (Integrated DNA technologies, Baulkham Hills,
NSW, Australia), a negative gPCR control with no DNA template and all DNA extraction
negative controls were included. Amplification occurred in the following conditions: 15 min
at 95 °C,15 s at 95 °C and 1 min at 60 °C for 50 cycles. Crossing threshold (Ct) values were
determined from the amplification profiles of PCR using the Absolute Quantification module
of the LightCycler® 480 software package. To test for the presence of PCR inhibitors,
a TagMan® Exogenous Internal Positive Control VIC probe was also run for each sample. All
negative extraction controls extracted at the same time as samples for each dataset were also
included in assays when analysing samples for each dataset. The efficiency of all gPCR

reactions was >98% and all negative controls (extraction or g°PCR) were negative.

Multi-species detection method (metabarcoding)

A universal primer targeting all vertebrates (Riaz et al. 2011; Shehzad et al. 2012) was used
for metabarcoding in this study. We chose a vertebrate primer (as opposed to a mammal-
specific primer) due to the low number of aquatic mammals in the study area, and because the
vertebrate primer has the benefit of detecting other taxonomic groups, such as fish and
amphibians. The assay marker region was ~100 bp and located within the mitochondrial 12S
ribosomal RNA (rRNA) gene. For the SE Australia dataset, we analysed each of the two water
sample replicates separately. For the Melbourne dataset, the water sample replicates were
pooled together for analysis. A two-step PCR protocol was used to prepare metabarcoding
libraries, with primer sequences listed in Table S1. The first round PCR primers contained a
(5'-3") universal adaptor sequence, a 0- to 6-bp heterogeneity spacer (Fadrosh et al. 2014) and
the marker-specific primer sequence. Reactions contained 2 pl eDNA, 1x PCR buffer, 3 mM
MgClz, 0.3 uM each primer and 0.2 Units KAPA Plant DNA Polymerase (Kapa Biosystems).
Reaction conditions were one cycle at 95 °C for 3 min, 40 cycles at 95°C for 20 s, 57°C
(vertebrate) for 15 s, 72 °C for 15 s; and one cycle at 72 °C for 1 min. Four PCR technical
replicates were performed for each sample, one for each heterogeneity spacer combination (see
Table S1) with samples randomly allocated across PCR plates. DNA extraction negative
controls for each sample dataset (17 and 5 for the SE Australia and Melbourne datasets
respectively) and PCR negatives (96 and 12 respectively) were included and carried through to
sequencing. We also included three eDNA samples from the Northern Territory (Australia)

from a previous project in the SE Australia dataset, where platypuses do not occur, and the fish

162



community had already been determined using the same vertebrate markers to act as a known

“mock community”.

Following the first-round PCR, the four technical replicates were pooled and purified with
either EXoSAP-IT PCR Product Cleanup Reagent (ThermoFisher) (SE Australia dataset) or
Sera-Mag SpeedBead Carboxylate-Modified Magnetic Particles (GE Healthcare Life Sciences)
(Melbourne dataset). Second-round PCR primers contained (5'-3') the Illumina p5 or p7
binding region, an 8-bp index sequence (Fadrosh et al. 2014) and a universal adaptor sequence.
Unique forward and reverse index combinations were used for each sample. Reactions
contained 2 pl purified first PCR product, 0.5 uM of each primer and 1x Phusion Hot Start |1
High-Fidelity PCR Master Mix (Thermo Fisher Scientific). Reaction conditions were one cycle
at 98 °C for 1 min; 15 cycles at 98 °C for 10 s, 72°C for 45 s; and one cycle at 72°C for 10 min.
For the Melbourne dataset, the SequalPrep Normalization Plate (96) Kit (Invitrogen) was used
to normalize the concentration of PCR products for each sample. Normalized samples were
pooled and then subject to dual size selection to remove nonspecific fragments outside of the
desired size range, using Sera-Mag SpeedBead Carboxylate-Modified Magnetic Particles (GE
Healthcare Life Sciences). Sequencing was performed at the Monash Health Translation
Precinct (MHTP) Medical Genomics Facility on an Illumina MiSeq platform (Illumina) using
150 bp PE chemistry. For the SE Australia dataset, samples were pooled at equal volumes then
subject to size selection using Sera-Mag SpeedBead Carboxylate-Modified Magnetic Particles,
with sequencing performed on an lllumina NextSeq platform at the MHTP Medical Genomics

Facility.

Bioinformatics

Bioinformatic analyses were performed as in McColl-Gausden et al. (2021) using a custom
analysis pipeline. A custom reference database for taxonomy assignment was built for
vertebrate species known to occur in Victoria, Australia. The R package RENTREZ v1.1.0
(Winter 2017) was used to retrieve all 12S rDNA sequences present in GenBank
(https://www.ncbi.nlm.nih.gov/genbank/). An in-silico PCR, performed with the primer
sequences listed in Table S1 and the software packages OBITOOLS (Boyer et al. 2016) and
ecoPCR (Ficetola et al. 2010) was then undertaken to retrieve the appropriate gene region for

reference species.
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Following merging of R1 and R2 paired-end sequences (using VSEARCH’s fastq-mergepairs
function), primer sequences were trimmed and sequencing reads dereplicated where those with
an abundance of less than 10 were excluded from further analyses. Sequences were clustered
into Operational Taxonomic Units (OTUs) using a pairwise identity of 100% (vsearch --id 1.0).
Taxonomic assignment was performed with VSEARCH (Rognes et al. 2016) whereby each
OTU was assigned a taxonomic identity using a minimum bootstrap support of 95% (vsearch
—sintax-cutoff 0.95) by comparing against the custom vertebrate reference sequence database.
As we were only interested in assignments to platypuses, which are unique within our reference

database, we did not seek to resolve any other taxonomic assignments.

Simulation analysis

To investigate whether the four case studies used here have the study design structure (e.g.,
site, sample, and qPCR replication) necessary to accurately estimate the parameter of interest
(i.e., the effect of eDNA detection method ), we conducted model simulations. For each of
the dataset structures represented by the four case studies, a constant parameter set generally
representative of eDNA parameter estimates in the literature (v, 8, p = 0.8: (Dejean et al. 2012;
Lugg et al. 2017; McColl-Gausden et al. 2021; Tingley et al. 2018; Tingley et al. 2021) was
used to simulate 500 datasets. This was done twice for each study design structure— once with
B set at -2 and once with S set at 2 —to determine whether each data structure could retrieve
these parameter values. Each of the 500 simulated datasets was used to fit the model described
above (equations. 1-4), and the mean estimate of § was retained, resulting in 1,000 estimates
of B for each study design structure (500 for g = 2; 500 for g = -2).

Results

All study design structures were able to recover the B parameter in some iterations (Figure
B.1(a-d) and B.2(a-d)), although the number of site replicates was important. Study design
structures were generally able to recover B = —2 more effectively than B = 2. For the SE
Australia dataset, estimates of § were —2.019 [-2.519, —1.530] when B =—2, and 2.508 [1.190,
4.371]) when B = 2. For the Melbourne dataset, when p = —2 and B = 2, respectively, estimates
were —2.008 [—2.234, —1.785] and 2.053 [1.560, 2.600]. For the Harper dataset, when = —2
and B = 2 respectively, estimates were —2.003 [-2.238, —1.770] and 2.082 [1.499, 2.756]). For
the Bylemans dataset, B estimates were —2.069 [-2.831, —1.326] when 3 =—2, and 4.087 [1.031,
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9.227] when B = 2. Plots of simulated estimates of occupancy, availability, and detection
probabilities (as opposed to the B parameter) can be found in Figures B.3, B.4 and B.5.
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Figure B.1: Simulated estimates of 8 parameter where occupancy probability = 0.8, availability probability =

0.8, detection probability = 0.8 and = —2 (vertical line). A = SE Australia dataset, B = Melbourne dataset, C
= Harper et al., (2018) dataset, D = Bylemans et al., (2019) dataset.
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Figure B.2: Simulated estimates of § parameter where occupancy probability = 0.8, availability probability =
0.8, detection probability = 0.8 and f = 2 (vertical line). A = SE Australia dataset, B = Melbourne dataset, C =
Harper et al., (2018) dataset, D = Bylemans et al., (2019) dataset.
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Example JAGS code

cat("
model {
# Priors and model for params
int.psi ~ dunif(0,1) # Intercept of occupancy probability
int.theta ~ dunif(0,1) # Intercepts availability probability
int.p ~ dunif(0,1)  # Intercepts detection probability (1-PCR error)
beta.Ip ~ dnorm(0, 0.1)

# 'Likelihood' (or basic model structure)
for (i in L:nsite){

# Occurrence at site i

z[i] ~ dbern(psi[i])

logit(psi[i]) <- logit(int.psi)

for (j in L:nrep){

# Occurrence in sample j
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a[i,j] ~ dbern(mu.a[i,j])
mu.a[i,j] <- z[i] * theta[i,j]
logit(theta[i,j]) <- logit(int.theta)

for (k in 1:npcr){
# PCR detection error process in sample k
platy _gpcr_meta[i,j,k] ~ dbern(mu.y[i,j,k])
mu.y[i,j,K] <-afi,j] * p[i,j.K]
logit(p[i,j,k]) <- logit(int.p)+ beta.lp* method[i,j,K]
3s

tmpl[i] <- step(sum(al[i,])-0.1)
}
# Derived quantities
sum.z <-sum(z[]) # Total # of occupied sites in sample
sum.a <- sum(tmpl[]) # Total # of sites with presence in <=1 of the 5 samples
} "fill = TRUE)
sink()

zst <- apply(platy_gpcr_meta, 1, max) # inits for presence (2)
zst[is.na(zst)] <- 1

ast <- apply(platy_gpcr_meta, ¢(1,2), max) # inits for availability (a)
ast[is.na(ast)] <- 1

inits <- function() list(z = zst, a = ast)

# Parameters monitored

"p","psi”,"theta™)

# MCMC settings
ni<-30000 ; nt<-10 ; nb<-10000 ; nc<-3
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out_platy_compT1<- jags(platy_compT1, inits, paramsl, "platy_compT1.txt", n.chains = nc, n.thin =
nt, n.iter = ni,n.burnin = nb)

Table B.1: Probability of detection, availability, and occupancy for each method in each scenario. NT = No

Threshold, T = Threshold, Values = posterior means

Scenario
(qPCR-
metabarcoding)
SE AUS NT-
NT

SE AUS NT-T

SE AUS NT-
NT pooled

SE AUS 1/3-NT
SE AUS 2/3-NT

Melbourne NT-
NT

Melbourne 1/3-
NT

Melbourne 2/3-
NT

Bylemans NT-
T Autumn

Bylemans 1/3-T
Autumn

Bylemans 2/3-T
Autumn

Bylemans NT-
T Spring

Bylemans 1/3-T
Spring

Bylemans 2/3-T
Spring

Harper NT-NT
Harper NT-T

Harper 1/12-T

Occupancy
probability (y)

0.838
(0.754, 0.910)
0.837
(0.751, 0.911)
0.834
(0.758, 0.906)

0.834
(0.748, 0.905)
0.778
(0.684, 0.861)
0.505
(0.442, 0.568)
0.500
(0.440, 0.560)
0.336
(0.278, 0.397)
0.802
(0.512, 0.970)

0.800
(0.527, 0.970)

0.598
(0.300, 0.864)

0.700
(0.401, 0.925)

0.700
(0.398, 0.926)

0.599
(0.304, 0.861)

0.737
(0.533, 0.982)
0.729
(0.522, 0.982)
0.540
(0.495, 0.588)

Availability
probability (0)

0.932
(0.880, 0.969)

0.933
(0.882, 0.971)

0.951
(0.904, 0.984)
NA

NA

0.746

(0.687, 0.804)
NA

NA

0.671
(0.546, 0.788)

NA

NA

0.729
(0.596, 0.845)

NA

NA

0.751
(0.538, 0.988)

0.733
(0.521, 0.982)

NA

Detection
probability (p)
(qPCR)

0.833

(0.794, 0.868)
0.831

(0.791, 0.867)
0.815

(0.774, 0.853)

0.933
(0.885, 0.968)
0.849
(0.781, 0.907)
0.537
(0.497, 0.577)
0.676
(0.626, 0.724)
0.522
(0.456, 0.588)
0.814
(0.738, 0.878)

0.672
(0.785, 0.544)

0.784
(0.652, 0.892)

0.719
(0.628, 0.802)

0.698
(0.568, 0.817)

0.594
(0.447, 0.735)

0.526
(0.510, 0.543)
0.545
(0.528, 0.562)
0.919
(0.871, 0.957)

Detection probability
(p) (metabarcoding)

0.632
(0.717, 0.542)
0.360
(0.278, 0.453)
0.685
(0.572, 0.789)

0.591
(0.504, 0.674)
0.642
(0.551, 0.728)
0.463
(0.369, 0.562)
0.360
(0.280, 0.442)
0.537
(0.430, 0.645)
0.738
(0.588, 0.858)

0.510
(0.376, 0.638)

0.701
(0.556, 0.829)

0.492
(0.330, 0.653)

0.364
(0.234, 0.499)

0.437
(0.287, 0.595)

0.636
(0.579, 0.691)
0.539
(0.528, 0.598)
0.520
(0.458, 0.579)
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Harper 4/12-T  0.398 NA 0.820 0.705

(0.354, 0.443) (0.755, 0.877) (0.635, 0.769)
Harper 1/12- 0.564 NA 0.879 0.607
NT (0.519, 0.610) (0.828, 0.921) (0.547, 0.665)
Harper 4/12- 0.445 NA 0.733 0.769
NT (0.400, 0.491) (0.666, 0.794) (0.706, 0.827)

Two-level model

Equation 1. z;~Bernoulli(y;)
Equation 2. yijlzi~Bernoulli(z;p;;)
Equation. 3. logit(p;;) = a + BM;;

Equation 1 describes the occupancy of the species at site i (zi= 1 where the species is present,
and zi = 0 where the species is absent), given the mean probability of occurrence for that species
across all sites (y;). Equation 2 describes the observed detection process at site i for water
sample j, conditional on the occurrence (zi) of the species at site i. Finally, Equation 3 shows

that the probability of detecting the species’ DNA (p;;) is a function of an overall intercept a

and a coefficient describing the effect of detection method g M;;, where M;j= 0 for gPCR, and

i1
Mj; = 1 for metabarcoding. A positive parameter estimate (f) therefore indicates that the
species was more likely to be detected with metabarcoding. Likewise, a negative parameter
estimate () suggests that the species was more likely to be detected with gPCR. Prior
distributions were specified on the logit scale where 1, p and B were normally distributed with

a mean of 0 and a precision of 0.1.
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Appendix C
Supplementary material for chapter 3

Interim Biogeographic Regionalisation for Australia (IBRA)
bioregions

Naracoorte Coastal Plain (NCP), Murray Darling Depression (MDD), Victorian Midlands
(VIM), Southern Volcanic Plain (SVP), South East Coastal Plain (SCP), South Eastern
Highland (SEH), Riverina (RIV), NSW South Western Slopes (NSS), Australian Alps (AUA),
South East Corner (SEC), Sydney Basin (SYB) and Furneaux (FUR).

Number of sites per contracted catchment:
Number of segments in contracted catchments <=50, 3 sites sampled
Number of segments in contracted catchments >50, 4 sites sampled
Number of segments in contracted catchments >100, 5 sites sampled
Number of segments in contracted catchments >200, 6 sites sampled
Number of segments in contracted catchments >300, 7 sites sampled
Number of segments in contracted catchments >, 8 sites sampled

These values were used as a guide for sampling, in some contracted catchments it was not
possible to sample the calculated number of sites. Additional samples in some contracted
catchments were taken (up to 12) where additional analyses were taking place.
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Table C.1: Environmental variables collected at each site

Covariate | Very poor Poor Fair Good Excellent Potential benefit to References
platypus

Bank Extensive Evidence of Erosion occurring | Erosion only in | No erosion evident. Minimising erosion and (Woon 1995; Grant
erosion erosion. Little | recent erosion. in specific areas. | very small spots. | Lower banks covered | subsequent sedimentation supports | and Temple-Smith

vegetation Extensive areas of | Moderate Good vegetation | with grass, reeds, or burrow construction for platypus. 1998; Rohweder and

present to bare banks vegetation cover cover. Usually shrubs. Baverstock 1999)

stabilise banks gentle bank

slopes.
Bank Mostly bare Introduced Moderate cover of | Mainly native Mainly undisturbed Bank vegetation minimises erosion
vegetation ground. ground cover. native/introduced | vegetation. native vegetation & sedimentation which supports (Woon 1995; Serena
(immediately Occasional tree. | Little native vegetation. Little (i.e., forested) burrow construction, habitat & et al. 1998; Ellem et
. Concrete or woody Variation between | disturbance to food for invertebrate prey, and al. 1998; Grant and

adjacent to

paved channel. | vegetation. sides - one banks. shelter for platypus while foraging. | Temple-Smith 1998)
water <2m)

cleared, one Bank vegetation also conceals
vegetated. burrow entrances
Verge Bare ground or | Narrow band Wide corridor (5- | Mainly native Mainly native Verge vegetation consolidates
vegetation pasture/grass (<5m) of sparse 10m) of but some vegetation on both banks for burrow construction. It (Woon 1995; Serena
native or native/introduced | introduced sides (>30m wide) also provides, shade to prevent et al. 2001)
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(riparian cover next to introduced vegetation. One vegetation. water stratification as well as food
zone) water. vegetation. side cleared & Wide area and habitat for invertebrate prey
other wide native | (>10m)
vegetation.
Banks Low, eroded, Limited potential | Some potential Extensive Steep, consolidated Earthen banks which have a (Woon 1995; Grant
suitable for gently sloping burrowing sites. burrowing sites in | potential banks along both relatively vertical profile at the and Temple-Smith
burrowing banks. area. One side burrowing sites. | sides, >1m high water surface (>1m high) allow 1998; Rohweder and
steep, other burrow construction Baverstock 1999;
shallow sloping. Serena et al. 2001)
Instream No snags, Occasional snag Some snags & Lots of shags, Frequent snags, logs, | “Excellent” category are the (Grant and
complexity boulders, or or rocks. No rocks present. logs, rocks. rocks. Cobbled, rocky | preferred foraging substrates for Temple-Smith

vegetation over

water. Silt or

sandy substrate.

Could be rock

or concrete

lined channel.

overhanging
vegetation.
Limited benthic

complexity.

Some aquatic
macrophytes &
overhanging
vegetation. Some
gravel/cobbled

substrate.

Mostly cobbled
substrate. Lots
of aquatic
macrophytes and
overhanging

vegetation.

and gravel substrate
throughout. Extensive
aquatic &
overhanging

vegetation.

platypuses and support abundant

macroinvertebrate prey

1998; Serena et al.
2001; McLachlan-

Troup et al. 2010)
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Channel

complexity

Straightened
stream.
Uniform depth
(i.e., all
shallow). Could
be irrigation

channel etc.

Slight variation in
depth, not
artificially

straightened.

Occasional riffle
or bend and

variation in depth.

Variation in
depth in pools
and riffles.
Variety of
habitats (i.e., at
least 2). Bends

present.

Riffles and pools of
varying depth.

Winding channel.

Excellent category is the preferred
foraging depth profile for
platypuses. It reduces foraging
energetics, reduces predation risk,
and promotes habitat diversity to
support diverse and abundant

macro-invertebrates.

(Ellem et al. 1998;
Grant and Temple-
Smith 1998; Serena
et al. 2001; Milione
and Harding 2009;
McLachlan-Troup et

al. 2010)
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. Selected contracted catchments

[ —
0 100 200km

Figure C.1: Map of selected contracted catchments from stratification. Grey polygons are selected contracted
catchments across Victoria and NSW

Negative

Positive

0 100 200km

Figure C.2 Map of sampled sites for Victorian dataset with detection. Sites are either in orange (negative) or
blue (positive)
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JAGS code

model {
# Priors and model for params
int.psi ~ dunif(0,1) # Intercept of occupancy probability
int.theta ~ dunif(0,1) # Intercepts availability probability
int.p ~ dunif(0,1) # Intercepts detection probability (1-PCR error)

sigma_site~dunif(0,1)
sigma_catch~dunif(0,1)

# convert it to a precision (1 / variance)

tau_site<-pow(sigma_site, -2)

tau_catch<-pow(sigma_site, -2)

# define the random effect; one value for each site, all share the same precision

for (i in 1:n.site){
gamma_site[i]~dnorm(0,tau_site)

}
for (i in 1:n.catch){

gamma_catch[i]~dnorm(0,tau_catch)

}

beta_hd~ dnorm(0, 0.1)

beta_erosion[1] <- 0

for (kin 2:5) {

beta_erosion[k] ~ dnorm(0, 0.1)
}

beta_b_veg[1] <- 0
for (k in 2:5) {
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beta_b_veg[k] ~ dnorm(0, 0.1)
}

beta b _bur[1] <-0

for (kin 2:5) {

beta_b_bur[k] ~ dnorm(0, 0.1)
}

beta_lu3 ~ dnorm(0, 0.1)
beta_lu4 ~ dnorm(0, 0.1)
beta_lu5 ~ dnorm(0, 0.1)
beta_ro ~ dnorm(0, 0.1)

#quad
beta_lu4 guad~ dnorm(0, 0.1)
beta_lu5_guad~ dnorm(0, 0.1)

beta_runoff_quad~ dnorm(0, 0.1)

# 'Likelihood' (or basic model structure)

for (i in L:n.site){

# Occurrence in pond i

z[i] ~ dbern(psi[i])
logit(psi[i]) <- logit(int.psi)+

beta_lu3 * lu3[i] +
beta_lud * lu4[i] +
beta_lud * lu4[i] +
beta_hd*hd[i]+
beta_erosion[erosion[i]]+
beta_b_veg[b_veg[i]]+
beta_b_bur[b_bur[i]]+

beta_ro*runoff[i]+

beta_lud_quad*pow(lu4[i],2) +
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beta_lu5_quad*pow(lu5[i],2) +
beta_runoff_quad*pow(runoff[i],2) +

gamma_site[site[i]]+ gamma_catch[catchment_fact[i]]

for (j in 1:n.samples){

# Occurrence in sample j

a[i,j] ~ dbern(mu.a[i,j])

mu.a[i,j] <- z[i] * theta[i,j]
logit(theta[i,j]) <- logit(int.theta)

for (kin 1:n.pcr){

# PCR detection error process in sample k

yl[i,j,K] ~ dbern(mu.y[i,j,K])
mu.y[i,j.K] <-a[i,j] * p[i,j K]
logit(p[i,j,K]) <- logit(int.p)
}
}

}
}H# end model

" fill=TRUE)
sink()

zst <- apply(GAPS_detection_array, 1, max) # inits for presence (z)
zst<-ifelse(is.na(zst),1,zst)

ast <- apply(GAPS_detection_array, ¢(1,2), max) # inits for availability (a)
ast<-ifelse(is.na(ast),1,ast)

inits <- function() list(z = zst, a = ast,int.psi = 0.5)

# Parameters monitored
params <- c("int.psi", "int.theta", "int.p",

"p", "theta","psi","z",
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"beta_hd","beta_erosion","beta_b_veg","beta_b_bur",

"beta_ro","beta_lu3","beta_lu4","beta_lu5",

"beta_runoff_quad","beta_lu4_quad","beta_lu5_quad")
ni <- 350000 ; nt<-1000 ; nb<-50000 ; nc<-3

# Call WinBUGS and summarize posterior

out_gaps_wo_flow7<- jags(gaps_wo_flow?7, inits, params, "gaps_wo_flow7.txt", n.chains = nc, n.thin

= nt, n.iter = ni, n.burnin = nb)
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GAPS dataset residual plots
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Figure C.3: Plot of Dunn-Smyth residuals (smooth curves and 95% confidence bands) against missing

covariate (agriculture).
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Figure C.4: Plot of Dunn-Smyth residuals (smooth curves and 95% confidence bands) against missing

covariate (Grasslands and shrubs)
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Figure C.5: Plot of Dunn-Smyth residuals (smooth curves and 95% confidence bands) against missing covariate

(Forest)
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Figure C.6: Plot of Dunn-Smyth residuals (smooth curves and 95% confidence bands) against missing

covariate (runoff)
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Victorian dataset residual plots
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Figure C.7: Plot of Dunn-Smyth residuals (smooth curves and 95% confidence bands) against missing covariate
(Urban)
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Figure C.8: Plot of Dunn-Smyth residuals (smooth curves and 95% confidence bands) against missing covariate
(Runoff)
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Figure C.9: Plot of Dunn-Smyth residuals (smooth curves and 95% confidence bands) against missing covariate
(Zero-flow)

Table C.2: Confusion matrix of observed vs predicted occupancy (z) for each site

Observed

Predicted Present Absent
Present 250 34
Absent 22 198
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Figure C.10: Parameter estimates for the random effect of a catchment on occupancy probabilities. Points are

the parameter mean estimate and lines are the 95% credible intervals. Green lines do not overlap zero orange
lines overlap zero.
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Figure C.11: Parameter estimates for the random effect of a site on occupancy probabilities. Points are the
parameter mean estimate and lines are the 95% credible intervals. Green lines do not overlap zero orange lines
overlap zero.
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Response of occupancy to environmental covariates
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Figure C.12: Estimated platypus occupancy probability as a function of the proportion of a catchment covered
by grasslands and shrubs including mean (orange line) and 95% credible intervals (grey lines)
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Figure C.13: Estimated platypus occupancy probability as a function of the proportion of a catchment covered
by forest including mean (orange line) and 95% credible intervals (grey lines)

186



1.0

Mean occupancy

00 02 04 06 08

UL L l B - l
0.0 0.2 0.4 0.6 0.8

Grasslands and shrubs

Figure C.14: Estimated platypus occupancy probability as a function of the proportion of a catchment
covered by grasslands and shrubs including mean (orange line) and 95% credible intervals (grey lines)
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Figure C.15: Predicted platypus occupancy probability as a function of human disturbance including mean
(orange line) and 95% credible intervals (grey lines)
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Figure C.16: Estimated platypus occupancy probability as a function of the proportion of the amount of
runoff in a contracted catchment including mean (orange line) and 95% credible intervals (grey lines)
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Figure C.17: Estimated platypus occupancy probability as a function of the condition of banks for burrowing
(reference category=very poor)
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Figure C.18: Estimated platypus occupancy probability as a function of the condition of bank vegetation

(reference category=very poor)
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Figure C.19: Estimated platypus occupancy probability as a function of the condition of bank erosion

(reference category=very poor)
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Simulations
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Figure C.20: Simulated estimates of § parameter where occupancy probability = 0.2, availability probability =
0.9, detection probability = 0.2 and p = —1 (vertical line). Colours represent the different data types, an ordinal
covariate with 4 categories (excellent, good, fair, and poor) and a numeric category. All categories were set as

p=-1
p=-1, psi=0.5
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Figure C.21: Simulated estimates of § parameter where occupancy probability = 0.5, availability probability
= 0.9, detection probability = 0.2 and = —1 (vertical line). Colours represent the different data types, an
ordinal covariate with 4 categories (excellent, good, fair, and poor) and a numeric category. All categories
were set as § = —1.
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Figure C.22: Simulated estimates of § parameter where occupancy probability = 0.8, availability probability
= (0.9, detection probability = 0.2 and = —1 (vertical line). Colours represent the different data types, an

ordinal covariate with 4 categories (excellent, good, fair, and poor) and a numeric category. All categories
were set as § = —1.
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Figure C.23: Simulated estimates of § parameter where occupancy probability = 0.2, availability probability
= 0.9, detection probability = 0.2 and p = —0.5 (vertical line). Colours represent the different data types, an

ordinal covariate with 4 categories (excellent, good, fair, and poor) and a numeric category. All categories
were set as § = —0.5.
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Figure C.24: Simulated estimates of § parameter where occupancy probability = 0.5, availability probability
= 0.9, detection probability = 0.2 and p = —0.5 (vertical line). Colours represent the different data types, an
ordinal covariate with 4 categories (excellent, good, fair, and poor) and a numeric category. All categories
were set as § = —0.5.
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Figure C.25: Simulated estimates of § parameter where occupancy probability = 0.8, availability probability
= 0.9, detection probability = 0.2 and § = —0.5 (vertical line). Colours represent the different data types, an
ordinal covariate with 4 categories (excellent, good, fair, and poor) and a numeric category. All categories
were set as § = —0.5.
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Figure C.26: Simulated estimates of § parameter where occupancy probability = 0.2, availability probability
= 0.9, detection probability = 0.2 and = 0 (vertical line). Colours represent the different data types, an

ordinal covariate with 4 categories (excellent, good, fair, and poor) and a numeric category. All categories
were set as § = 0.
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Figure C.27: Simulated estimates of § parameter where occupancy probability = 0.5, availability probability
= 0.9, detection probability = 0.2 and p = 0 (vertical line). Colours represent the different data types, an
ordinal covariate with 4 categories (excellent, good, fair, and poor) and a numeric category. All categories
were set as f§ = 0.
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Figure C.28: Simulated estimates of § parameter where occupancy probability = 0.8, availability probability
= 0.9, detection probability = 0.2 and = 0 (vertical line). Colours represent the different data types, an
ordinal covariate with 4 categories (excellent, good, fair, and poor) and a numeric category. All categories
were set as § = 0.
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Figure C.29: Simulated estimates of B parameter where occupancy probability = 0.2, availability probability
= 0.9, detection probability = 0.2 and p = 0.5 (vertical line). Colours represent the different data types, an

ordinal covariate with 4 categories (excellent, good, fair, and poor) and a numeric category. All categories
were set as § = 0.5.
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Figure C.30: Simulated estimates of § parameter where occupancy probability = 0.5, availability probability
= (.9, detection probability = 0.2 and = 0.5 (vertical line). Colours represent the different data types, an

ordinal covariate with 4 categories (excellent, good, fair, and poor) and a numeric category. All categories
were set as f§ =0.5.
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Figure C.31: Simulated estimates of B parameter where occupancy probability = 0.8, availability probability
= 0.9, detection probability = 0.2 and p = 0.5 (vertical line). Colours represent the different data types, an
ordinal covariate with 4 categories (excellent, good, fair, and poor) and a numeric category. All categories
were set as § = 0.5.
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Figure C.32: Simulated estimates of § parameter where occupancy probability = 0.2, availability probability
= 0.9, detection probability = 0.2 and f = 1 (vertical line). Colours represent the different data types, an
ordinal covariate with 4 categories (excellent, good, fair, and poor) and a numeric category. All categories
were set as § = 1.
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Figure C.33: Simulated estimates of B parameter where occupancy probability = 0.5, availability probability
= 0.9, detection probability = 0.2 and = 1 (vertical line). Colours represent the different data types, an
ordinal covariate with 4 categories (excellent, good, fair, and poor) and a numeric category. All categories
were set as § = 1.
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Figure C.34: Simulated estimates of § parameter where occupancy probability = 0.8, availability probability
= 0.9, detection probability = 0.2 and = 1 (vertical line). Colours represent the different data types, an

ordinal covariate with 4 categories (excellent, good, fair, and poor) and a numeric category. All categories
were set as § = 1.
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Appendix D
Supplementary material for chapter 4

Model 2

Equation 1. zjj~Bernoulli(1;;)

Equation 1 describes the occupancy of the species at site j during visit i (zij=1 where the species
is present, and zi=0 where the species is absent), given the mean probability of occurrence for

that species across all visits (; ;).

Equation 2.  logit(y;;) = logit(intercept. ;) + Basterrij + Basterzij + Beov,i

Equation 2 shows that the probability of species occurrence at site j is affected by the sites
before-fire occupancy probability (i;), whether the visit is since fire (afterl,i,j and

after2,i,j, binary indicator variables) and different covariates fScov; ; (see Table D.1).
Equation 3. al-jk|zij ~ Bernoulli (Zijeijk)

Equation 3 describes the presence of the species DNA in a water sample (a;jx|z;; = 1 where a
species DNA is present, and a;jx|z;; =0 when it is absent, during visit i, at site j, for water

sample k).

Equation4.  cloglog(0;j) = cloglog(intercept.0) + Byorume * volume;

Equation 4 shows that the probability of species DNA being available to detect in water sample
k is affected by the volume of water collected during visit I, site j and in water sample k. A
cloglog link function that rescales the linear predictor to the interval [0, 1] was used.
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Equation 6.

Yijrilaiji~Bernoulli(a;jipiji)

Equation 5 describes the observed detection data (y;;x;|a;jx=1 where the species is detected,

and y;j,|z;j=0 where the species is not detected), during visit i, at site j for water sample k and

in replicate I. This is a function of the occurrence (zjj) of the species at site j during visit i, as

well as the probability of detecting an individual (pijx) at site j in water sample k in replicate |,

given it is available to detect (a;jy).

Table D.1: covariates used in model two

Covariate Pre-fire Post-fire 1 Post-fire 2
High severity | 0 Proportion Proportion
(proportion of

watershed with

high severity burnt)

Low severity | O Proportion Proportion
(proportion of

watershed with low

severity burnt)

Rainfall (amount of | 0 rainfall rainfall
rainfall in  the

watershed post-

fire)

volume volume volume volume
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Table D.2: Severity class classifications for different vegetation types

classes: high canopy scorch
(>80%) and canopy

consumption))

Community Canopy defoliated Canopy intact/partially
defoliated

Forest High  severity  (Severity | Low  severity  (Severity
classes: high canopy scorch | classes: low canopy scorch
(>80%) and canopy | (<20% scorch) and moderate
consumption)) canopy scorch (20-80%))

Woodland High  severity  (Severity | Low  severity  (Severity
classes: high canopy scorch | classes: low canopy scorch
(>80%) and canopy | (<20% scorch) and moderate
consumption)) canopy scorch (20-80%))

Shrubland High  severity  (Severity | Low  severity  (Severity

classes: low canopy scorch
(<20% scorch) and moderate
canopy scorch (20-80%))

Grassland/pasture

Burnt (i.e., within the fire

perimeter- High severity)

Unburnt (i.e., outside the fire

perimeter)
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Table D.3: Summary data for water volume in ml collected at each site

Min 15 Quartile | Median Mean 3 Quartile | Max
Visit 1 0 150 300 300.7 500 600
sample 1
Visit 1 0 120 300 298 500 600
sample 2
Visit 2 0 50 230 245.6 400 1140
sample 1
Visit 2 0 0 240 235.1 400 600
sample 2
Visit 3 0 125 300 268.8 400 600
sample 1
Visit 3 0 125 300 269.5 400 600
sample 2
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Figure D.1: Histogram of proportion of watersheds covered by low severity fire.
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Figure D.2: Histogram of proportion of watersheds covered by high severity fire.
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Figure D.3: Proportion of watersheds with amount of rainfall across a watershed post-fire.
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Figure D.4: Scatter matrix of proportion of watershed covered by low severity fire, high severity fire, and the

amount of rainfall in a watershed post-fire using data from sites sampled in all three time periods.
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JAGS code for Chapter 4

model {

# Priors

# - Occupancy

for(j in 1:nsite){

int.psi[j] ~ dunif(0,1)

}

# - eDNA availability
int.theta ~ dunif(0,1) # Intercepts availability probability
#detection

int.p ~ dunif(0,1)

# - occupancy

betaBA1 ~ dnorm(0, 0.1)
betaBAlburnt ~ dnorm(0, 0.1)
betaBA2 ~ dnorm(0, 0.1)
betaBA2burnt ~ dnorm(0, 0.1)
betaBurnt ~ dnorm(0, 0.1)

beta_volume~ dnorm(0, 0.1)

# Ecological process
for(i in L:nvisit){
for(j in 1:nsite){

logit(poccli, j]) <-logit(int.psi[j]) + betaBA1l * |_afterl[i, j] + betaBA2 * |_after2[i, j]
+betaBurnt* |_burnt[i, j]+

betaBAlburnt * |_afterl][i, j] * I_burnt[i, j] + betaBA2burnt * |_after2[i, j] * |_burnt[i, j]

z[i, j] ~ dbern(pocc(i, j])
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for (k in L:nrep){

# Occurrence in sample j

a[i,j,k] ~ dbern(mu.a[i,j,K])

mu.a[i,j,K] <- z[i, j] * theta[i,j,K]
cloglog(theta[i,j,K]) <- cloglog(int.theta)+beta_volume*volumeli,j,k]
# Observation process

for(l in L:npcr){

logit(p[i, j, k, 1])<- logit(int.p)

mu.p[i, j, k, 1] <- a[i,j,k] *pli, j.k,1]
all_data[i, j, k, 1] ~ dbern(mu.p([i, j, k,I])
}

L S

" fill = TRUE)
sink()

zst<-matrix(data=1,nrow=3,ncol=187)

ast<-array(1, c(3,187, 2))

ast <- apply(all_data, c(1,2,3), max) # inits for availability (a)

ast[is.na(ast)] <- 1

inits <- function() list(z = zst, a = ast)

# Parameters monitored
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paramsl <- c("int.psi”,"int.theta”, "int.p",
"betaBA1","betaBA2","betaBAlburnt",

"betaBA2burnt”,"betaBurnt", "beta_volume™,"z")

# MCMC settings
ni<-30000 ; nt<-10 ; nb<-10000 ; nc<-3
#ni<-3000 ; nt<-10 ; nb<-1000 ; nc<-3

out_fire_platy updated s sev_v<-  jags(fire_platy updated s sev v, inits, paramsl,

"fire_platy _updated s sev_v.txt", n.chains = nc, n.thin = nt, n.iter = ni,n.burnin = nb)

Table D.4. Confusion matrix of observed vs predicted occupancy. A threshold of 0.5 was used to convert the
predictions to binary values.

Observed

Predicted Present Absent
Present 95 3
Absent 3 22
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probabilities. Points are the parameter mean estimate and lines are the 95% credible intervals. Dark purple
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to in the watershed.
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Appendix E
Supplementary material for chapter 5

Table E.0.1: Vertebrate Primers

Forward GATTAGATACCYCACTATGC
Reverse TAGRACAGGCTCCTCTAG
JAGS code
model {
# Priors

for(i in 1:nspec){  # loop over species

Ipsi[i] ~ dnorm(mu.lpsi[g[i]], tau.lpsi[g[i]]) # note g-dependence now
Ip[i] ~ dnorm(mu.lp[g[i]], tau.lp[g[i]])

beta_urban[i]~ dnorm(mu.lurban[g[i]], tau.urban[g[i]])

beta_water[i]~ dnorm(mu.lwater[g[i]],tau.water[g[i]])
beta_agriculture[i]~ dnorm(mu.lagriculture[g[i]], tau.agriculture[g[i]])
beta_grass[i]~ dnorm(mu.lgrass[g[i]], tau.grass[g[i]])

beta_forest[i]~ dnorm(mu.lforest[g[i]],tau.forest[g[i]])
beta_runoff[i]~ dnorm(mu.lrunoff[g[i]],tau.runoff[g[i]])

beta_z_flow[i]~ dnorm(mu.lz_flow[g[i]].tau.z_flow[g[i]])
}

sigma_catch~dunif(0,1)

# convert it to a precision (1 / variance)

tau_catch<-pow(sigma_catch, -2)

# define the random effect; one value for each site, all share the same precision
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for (i in 1:ncatch){

gamma_catch[i]~dnorm(0,tau_catch)

}

# Hyperpriors

for(g in 1:2){ # loop over groups (g)

mu.lpsi[g] <- logit(mu.psi[g])  # everything is indexed g now
mu.lp[g] <- logit(mu.p[g])

mu.psi[g] ~ dunif(0,1)

mu.p[g] ~ dunif(0,1)

tau.lpsi[g] <- pow(sd.lpsi[g], -2)

sd.Ipsi[g] ~ dunif(0,5)

tau.lp[g] <- pow(sd.Ip[g], -2)

sd.Ip[g] ~ dunif(0,5)

mu.lurban[g] <- logit(mu.urban[g])
mu.urban[g] ~ dunif(0,1)
sd.urban[g] ~ dunif(0,5)
tau.urban[g] <- pow(sd.urban[g], -2)

mu.lwater[g] <- logit(mu.water[g])
mu.water[g] ~ dunif(0,1)
sd.water[g] ~ dunif(0,5)

tau.water[g] <- pow(sd.water[g], -2)

mu.lz_flow[qg] <- logit(mu.z_flow[g])
mu.z_flow[g] ~ dunif(0,1)
sd.z_flow[g] ~ dunif(0,5)
tau.z_flow[g] <- pow(sd.z_flow[q], -2)

mu.lagriculture[g] <- logit(mu.agriculture[g])

mu.agriculture[g] ~ dunif(0,1)
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sd.agriculture[g] ~ dunif(0,5)

tau.agriculture[g] <- pow(sd.agriculture[g], -2)

mu.lgrass[g] <- logit(mu.grass[g])
mu.grass[g] ~ dunif(0,1)
sd.grass[g] ~ dunif(0,5)
tau.grass[g] <- pow(sd.grass[g], -2)

mu.lforest[g] <- logit(mu.forest[g])
mu.forest[g] ~ dunif(0,1)
sd.forest[g] ~ dunif(0,5)
tau.forest[g] <- pow(sd.forest[g], -2)

mu.lrunoff[g] <- logit(mu.runoff[g])
mu.runoff[g] ~ dunif(0,1)
sd.runoff[g] ~ dunif(0,5)
tau.runoff[g] <- pow(sd.runoff[g], -2)

}

# Ecological model for true occurrence (process model)
for(i in 1:nspec){

for (j in L:nsite) {

logit(psi[i,j]) <- Ipsi[i] +
beta_urban[i] * urbanlj] +
beta_water[i] * water[j] +
beta_agriculture[i] * agriculture[j] +
beta_grass[i] *grass[j]+
beta_forest[i] *forest[j]+
beta_runoff[i] *runoff[j]+
beta_z_flow[i] *z_flow[j]+

gamma_catch[catchment_fact[i]]
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z[i,j] ~ dbern(psi[i,j])
¥
¥

# Observation model for replicated detection/nondetection observations
for(i in 1:nspec){

for (j in L:nsite){

for(k in L:nrep){

logit(p[i,j,K]) <- Ip[i]

mu.px[i,j,K] <- z[i,j] * p[ij.K]

ysum([i,j,k] ~ dbern(mu.px[i,j,k])

}

}

}

# Derived quantities
for(i in 1:nspec){ # Loop over species
Nocc.fs[i] <- sum(z[i,]) # Number of occupied sites among the 267

}

for (j in L:nsite) { # Loop over sites
Nsite[j] <- sum(z[,j]) # Number of occurring species at each site
}
}
" fill = TRUE)
sink()

# Initial values
zst <- apply(arr_presence, ¢(1,2), max)
zst[is.na(zst)] <- 1

inits <- function() list(z = zst)

# Parameters monitored
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params <- c("lpsi","mu.psi”, "mu.lpsi”, "sd.lpsi", "mu.p", "mu.lp", "sd.lp",
"mu.lurban”,"mu.lwater",
"mu.lagriculture”,"mu.lgrass",
"mu.lforest”,"mu.lrunoff","mu.lz_flow",
"beta_urban”,"beta_water","beta_agriculture","beta_grass",

"beta_forest”,"beta_runoff","beta_z_flow","psi")

ni <-300000 ; nt<-100 ; nb<-100000 ; nc<-3

out_fish_data_vic_melb_n_site2_10 <- jags(fish_data_vic_melb, inits, params,
"fish_data_vic_melb.txt", n.chains = nc, n.thin = nt, n.iter = ni, n.burnin = nb, parallel = TRUE)

JAGS models code for species richness plots (Figures 5.4-
5.5).

str( fish_vic_melb_introduced_spatial_sp <- list(ysum = arr_presence3, nsite =dim(arr_presence3)[2],
nrep = dim(arr_presence3)[3], nspec = dim(arr_presence3)[1],
urban=urban,
water=water,
agriculture=agriculture,
grass=grass,
forest=forest,
runoff=runoff,
z_flow=z_flow,
M= dim(arr_presence3)[1],
#native=native2,
catchment_fact=catchment_fact,

ncatch=length(unique(catchment_fact))))

# Specify model in BUGS language
sink("fish_vic_melb_introduced spatial_sp.txt")

cat("
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model {

omega~dunif(0,1)

# Priors for species-specific effects in occupancy and detection
for(k in 1:nspec){

Ipsi[k] ~ dnorm(mu.lpsi, tau.lpsi) # Hyperparams describe community
Ip[K] ~ dnorm(mu.lp, tau.lp)

beta_urban[k] ~ dnorm(mu.urban, tau.urban)

beta_water[K] ~ dnorm(mu.water, tau.water)
beta_agriculture[K] ~ dnorm(mu.agriculture, tau.agriculture)
beta_grass[k] ~ dnorm(mu.grass, tau.grass)

beta_forest[k] ~ dnorm(mu.forest, tau.forest)

beta_runoff[K] ~ dnorm(mu.runoff, tau.runoff)

beta_z_flow[k] ~ dnorm(mu.z_flow, tau.z_flow)

#beta_native[k] ~ dnorm(mu.native, tau.native)

¥

sigma_catch~dunif(0,1)

# convert it to a precision (1 / variance)

tau_catch<-pow(sigma_catch, -2)

for (i in 1:ncatch){

gamma_catch[i]~dnorm(0,tau_catch)

¥

# Hyperpriors
# For the model of occupancy

mu.lpsi ~ dnorm(0,0.1)
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tau.lpsi <- pow(sd.Ipsi, -2)
sd.Ipsi ~ dunif(0,5)

# For the model of detection
mu.lp ~ dnorm(0,0.1)

tau.lp <- pow(sd.Ip, -2)
sd.Ip ~ dunif(0, 5)

mu.urban ~ dnorm(0,0.1)
sd.urban ~ dunif(0,5)

tau.urban <- pow(sd.urban, -2) ####up to here

mu.water ~ dnorm(0,0.1)
sd.water ~ dunif(0,5)

tau.water <- pow(sd.water, -2)

mu.z_flow ~ dnorm(0,0.1)
sd.z_flow ~ dunif(0,5)

tau.z_flow <- pow(sd.z_flow, -2)

mu.agriculture ~ dnorm(0,0.1)
sd.agriculture ~ dunif(0,5)

tau.agriculture <- pow(sd.agriculture, -2)

mu.grass ~ dnorm(0,0.1)
sd.grass ~ dunif(0,5)

tau.grass <- pow(sd.grass, -2)
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mu.forest ~ dnorm(0,0.1)
sd.forest ~ dunif(0,5)

tau.forest <- pow(sd.forest, -2)

mu.runoff ~ dnorm(0,0.1)
sd.runoff ~ dunif(0,5)

tau.runoff <- pow(sd.runoff, -2)

# mu.native~ dnorm(0,0.1)
# sd.native ~ dunif(0,5)
# tau.native <- pow(sd.native, -2)

#

#superpopulation process:Ntotal species sampled out of M avaiable
for(k in 1:M){

w[k]~dbern(omega)

}

# Ecological model for true occurrence (process model)
for(i in 1:nspec){

for (j in L:nsite) {

logit(psi[i,j]) <- Ipsi[i] +

beta_urban[i] * urban[j] +

beta_water[i] * water[j] +

beta_agriculture[i] * agriculture[j] +

beta_grass[i] *grass[j]+

beta_forest[i] *forest[j]+

beta_runoff[i] *runoff[j]+
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beta_z_flowl[i] *z_flow[j]+
#beta_native[i] *native[j]+
gamma_catch[catchment_fact[i]]
z[i,j] ~ dbern(psi[i,j1)

}

}

# Observation model for replicated detection/nondetection observations
for(i in 1:nspec){

for (j in L:nsite){

for(k in L:nrep){

logit(p[i,j,K]) <- Ip[i]

mu.px[i,j,K] <- z[i,j] * p[ij.K]

ysum([i,j,k] ~ dbern(mu.px[i,j,k])

}

}

}

# Derived quantities
for(i in 1:nspec){ # Loop over species
Nocc.fs[i] <- sum(z[i,]) # Number of occupied sites among the 267

}

for (j in L:nsite) { # Loop over sites
Nsite[j] <- sum(z[,j]) # Number of occurring species at each site
}

}
" fill = TRUE)
sink()

# Initial values
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zst <- apply(arr_presence3, ¢(1,2), max)
zst[is.na(zst)] <- 1

inits <- function() list(z = zst)

# Parameters monitored

params <- c("mu.psi”, "mu.lpsi", "sd.Ipsi*, "mu.p",

mu.lp", "sd.Ip",

"beta_urban","beta_water","beta_agriculture","beta_grass",

"beta_forest","beta_runoff”,"beta_z_flow", "z","w","Ipsi")

ni<-30000 ; nt<-10 ; nb<-10000 ; nc<-3

out_fish_vic_melb_introduced_spatial_sp <- jags.basic(fish_vic_melb_introduced_spatial_sp, inits,
params, "fish_vic_melb_introduced_spatial_sp.txt", n.chains = nc, n.thin = nt, n.iter = ni, n.burnin =
nb, parallel = TRUE)
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Figure E.1: f coefficients describing effects of an environmental covariate (the proportion of a contracted
catchment covered by agriculture) on species occupancy. Points are the mean and lines are the 95% credible
intervals. Green lines are native species and orange lines are non-native (introduced) species. Solid vertical
lines are the community mean for each group and dotted vertical lines are the 95% credible interval for each

group.
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Figure E.8: Predicted introduced fish species richness at the contracted catchment scale based on the
community occupancy model presented above. The posterior standard deviation estimate is used.
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Figure E.9: Predicted native fish species richness at the contracted catchment scale based on the community
occupancy model presented above. The posterior standard deviation estimate is used.
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Figure E.10: Predicted native fish species richness at the contracted catchment scale based on the community
occupancy model presented in the main text. The posterior mean estimate of species richness is used. Native
species with 10 or more detections used for prediction.
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Figure E.11: Predicted native fish species richness at the contracted catchment scale based on the community
occupancy model presented in the main text. The posterior mean estimate of species richness is used. Introduced
species with 10 or more detections used for prediction.
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the mean and lines are the 95% credible intervals. Orange lines do not overlap zero and green lines overlap
zero.
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Figure E.13: f coefficients describing effect of native taxa richness on introduced taxa occupancy. Points are

the mean and lines are the 95% credible intervals. Orange lines do not overlap zero and green lines overlap
zero.
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