Modelling Biodiversity Trends from
Occurrence Records

Charlotte Louise Outhwaite

A thesis submitted for the degree of:

Doctor of Philosophy
University College London
September 2018

Primary supervisor:
Dr Nick J. B. Isaac

Secondary supervisors:
Dr Ben Collen
Prof. Richard E. Chandler
Prof. Richard D. Gregory

|2

I, Charlotte Louise Outhwaite, confirm that the work presented in this thesis is my own.
Where information has been derived from other sources, I confirm that this has been
indicated in the thesis.

Charlotte Outhwaite, 21st September 2018

|3

Abstract
Large-scale studies of biodiversity change are limited in their taxonomic coverage: a lot
is known about the trends of groups such as birds, butterflies and mammals, but little is
known about invertebrates and plants. This is due to the lack of abundance data for these
groups. However, alternative data such as occurrence records are available for a vast
range of species and advances in methodologies are enabling their robust analysis. Here,
I analyse UK occurrence records using Bayesian occupancy modelling techniques to
determine the status, patterns and drivers of change in less well-studied taxa.
First, variations of an occupancy modelling framework were tested to determine
whether methods could be improved. This resulted in a “random walk” model that could
analyse sparse occurrence records while producing results with increased precision and
reduced bias when compared to other variants. This enabled the application of the
model to data for over 12,000 species from 32 taxa including vascular plants and
numerous invertebrate groups. The resulting estimates of annual occupancy present
new information on large-scale change from fine-grained data. Exploration of these
estimates showed that trends are not consistent with those of well-studied taxa.
Occupancy estimates were then used to assess change in three forms of biodiversity
trend: local alpha diversity, regional alpha diversity and regional beta diversity. This
revealed the multifaceted nature of biodiversity change and the need to monitor across
metrics and scales. Finally, a Bayesian, multispecies, dynamic occupancy model was used
to determine the effect of water quality on the population dynamics of freshwater
invertebrates.
This work highlights the potential of occurrence records to investigate biodiversity
change and brings to light new information on many species that have not previously
been studied at a national scale.
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Impact Statement
This work provides new information on the status and trends of UK biodiversity for over
6,500 species from taxonomic groups that have not been analysed at a national scale todate. Outputs generated as a part of this study have already been used outside of
academia to communicate change in UK biodiversity. Firstly, the preliminary analyses
and methodological advances derived from this work have been used within recent
iterations of the UK biodiversity indicators. These indicators are produced annually by
the Joint Nature Conservation Committee and are used to track progress towards the
biodiversity targets set by the Convention on Biological Diversity. Preliminary results
from this work were also included in the 2016 State of Nature report. This report is
produced every three years by the State of Nature Partnership and communicates change
in UK biodiversity to a wide range of audiences including governmental and nongovernmental organisations, policy makers and the public.
Within academia, this work highlights the huge potential that the analysis of occurrence
records can bring to large-scale biodiversity research, as well as providing a greater
understanding of biodiversity change occurring within less well-studied taxa. This will
encourage researchers to take advantage of this form of data which could lead to a
reduction of the taxonomic bias that is inherent in biodiversity research. This study also
takes the first step into the determination of relationships between different forms of
biodiversity trend, starting a dialogue that will aid in the understanding of differences
observed between metrics and across scales. This has become a strongly debated topic
in the field.
The advancement of the occupancy modelling framework for the analysis of sparse
occurrence records will provide a useful tool for any practitioner interested in estimating
trends from this form of data. This may be researchers within academia, but could also
be non-governmental organisations, local record centres or even the general public. The
modelling framework and other associated tools are available in two R packages which
make the application of such methods accessible.
The species level estimates of occupancy and trends in occupancy are available via the
Environmental Information Data Centre, an open access repository, allowing the re-use
of key outputs of this study. This will allow researchers to continue to generate new
findings in relation to the taxa studied here, or allow the inclusion of the results in further
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publications and reports. These data are set to be included in the next State of Nature
report due for publication in 2019.
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1.1 Biodiversity and the Anthropocene
Biodiversity underpins the functioning of ecosystems, and is instrumental in delivering
the ecosystem services that are of huge benefit to humans (Millennium Ecosystem
Assessment 2005; Mace et al. 2012). These include provisioning services such as the
supply of food and materials, supporting services including nutrient cycling and
pollination, regulating services e.g. air and water quality regulation, and cultural services
such as the recreational benefits gained from nature. Clearly, biodiversity is not only
important in its own right, but has immense value to human well-being and livelihoods
(Díaz et al. 2018). This value provides a strong argument for biodiversity to be
conserved. As a result, there is great interest in monitoring the current state of
biodiversity and how it has changed over time. Various national and international
targets have been set with the aim of protecting biodiversity and preventing future loss,
for example those set by the Convention on Biological Diversity (CBD). The initial CBD
target was “to achieve by 2010 a significant reduction of the current rate of biodiversity
loss at the global, regional and national level…” however, when this target was not met
(Butchart et al. 2010) a further set of “Aichi targets” were outlined for the period 20102020. Despite these targets, and a willingness to protect biodiversity for the services it
provides, large-scale declines have been observed across systems and taxa (Butchart et
al. 2010; Tittensor et al. 2014; Dirzo et al. 2014; McRae et al. 2017).
Biodiversity loss has been deemed so large that terms such as the “sixth mass extinction”
and “biological annihilation” have been coined to describe these changes (Ceballos et al.
2015, 2017; McCallum 2015; Régnier et al. 2015). Human induced drivers of change,
including climate change, habitat conversion and degradation, invasive species, overexploitation, and pollution, have been identified as the main drivers of these observed
declines (Millennium Ecosystem Assessment 2005). The extent to which humans have
transformed the planet has resulted in the use of the term “Anthropocene” to describe
the current human-dominated geological epoch (Dirzo et al. 2014; McGill et al. 2014;
Lewis & Maslin 2015; Johnson et al. 2017), which, as well as declines in biodiversity, is
experiencing extinction rates 100 to 1000 times greater than background levels
(Millennium Ecosystem Assessment 2005). Although the start date of this epoch has not
been agreed on, it does include periods in human history known to have had a strong
negative influence on the environment and biodiversity such as the Industrial Revolution
of the 18th and 19th centuries and the ‘Great Acceleration’ of the mid-20th century (Lewis
& Maslin 2015; Zalasiewicz et al. 2015). Understanding the extent and causes of
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biodiversity loss is essential for the maintenance of biodiversity into the future and the
prevention of further extinctions.

1.2 Quantifying change in biodiversity
Due to the vast and complex nature of biodiversity it cannot currently be measured as a
complete entity. Although biodiversity is defined as including all variability in living
organisms from genes to ecosystems, most data on biodiversity change focuses on the
species. Several studies have attempted to quantify change in species status globally,
although the taxonomic and geographic coverage of the underlying data varies
considerably. The Living Planet Index (LPI), an example of a biodiversity indicator, is
based on change in the abundance of vertebrate populations across the globe (Collen et
al. 2009). The LPI aggregates population level information over time to describe the
global rate of change, which has been estimated as a 58% decline in vertebrate
abundance since 1970 (McRae et al. 2017). Another prominent biodiversity indicator is
the Red List Index (RLI) which quantifies the relative rate of change in the threat status
of species according to the IUCN Red List threat categories (Butchart et al. 2005, 2007).
Both the LPI and RLI have been used to assess progress towards CBD targets (Butchart
et al. 2010; Tittensor et al. 2014) and offer perspectives on different elements of
biodiversity change. These metrics of change tend to be based on either the rate, or risk,
of extinction of species or on change in average species abundance or other measures of
status. Other community based metrics such as alpha diversity (including species
richness) and beta diversity (variation in community composition) are also possible and
capture additional elements of biodiversity change.
As information on change over time is not always available, an alternative is to use a
space-for-time substitution. This involves the comparison of site level biodiversity
metrics where compared sites differ in the level of human impact, for example comparing
disturbed sites with undisturbed sites, under the assumption that differences between
sites reflect the effect of disturbance (i.e. biodiversity on a disturbed site would have
been identical to the matched undisturbed site, prior to disturbance). This technique has
been used to assess the effect of land use on species abundance by comparing sites of
differing land use to primary vegetation (Cowlishaw et al. 2009; Hudson et al. 2014;
Newbold et al. 2015). Elsewhere, a global database of local assemblages compiled by
Dornelas et al. (2014) has been used to assess change in local alpha and beta diversity,
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extending evidence of change to the assemblage as well as species level. Each of these
measures of large-scale biodiversity change is based on massive sets of data, but each
presents only a fragment of the overall picture of biodiversity change often resulting in
an incomplete and sometimes contradictory view of the state of biodiversity (McGill et
al. 2014).
There is currently a lively debate concerning the differing responses observed for
biodiversity at a local compared to a global scale, where global alpha diversity has
declined yet corresponding change has not been observed at a local scale (Vellend et al.
2013; Dornelas et al. 2014; Gonzalez et al. 2016; Cardinale et al. 2018). Other studies
corroborate the understanding of local declines but the magnitude of these declines vary
considerably across studies. For example, McRae et al. (2017) present a 58% decline in
the abundance of vertebrates globally (based on the LPI) whereas Newbold et al. (2015)
show that land use change has reduced species abundance globally by 10.7% (using a
space-for-time substitution). It is clear that different approaches for measuring change
in biodiversity across different scales reveal parts of a larger process and it is not
currently known how these trends relate to each other. Although it is possible that
seemingly opposite patterns can result from the same overarching process (Hill et al.
2016), studies across scales and across metrics are required to unearth this relationship.
This has not been carried out sufficiently so far, with the exception of Dornelas et al.
(2014) who investigate both alpha and beta diversity using the same dataset. McGill et
al. (2014) propose that there are fifteen forms of biodiversity trend, and that most
studies reveal just a single facet of the multifaceted process that is biodiversity change.
There is, therefore, a need for studies to focus on more than one of these facets and to
determine the relationships between them if a complete picture of biodiversity change
is to be established.
Two problems exacerbate the issue of assessing biodiversity change: the inherent
taxonomic and spatial biases of the datasets used. Taxonomic bias has resulted in
measures of biodiversity change that are dominated by certain taxa while others are
neglected.

The importance and extent of taxonomic bias has been recognised

(Donaldson et al. 2016; Troudet et al. 2017), with efforts being made to address this in
the monitoring of biodiversity change. The LPI has recently been reanalysed and
weighted by the relative diversity of species to address both taxonomic and geographical
bias (McRae et al. 2017), and the effect of taxonomic bias on the UK State of Nature report
has been assessed (Burns et al. 2018). The weighting of metrics ensures that taxa or
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geographic areas that are overrepresented within a biodiversity dataset compared with
real world levels do not drive the resulting trends.

Weighting can help correct

differences in trends due to certain taxa being underrepresented, however, there is still
the problem of some groups not being represented at all. It remains that well-studied
taxa have become surrogates of wider biodiversity under the assumption that trends are
representative of those in unobserved groups. Studies evaluating the ability of wellstudied taxa, such as birds, to be good surrogates of others have shown mixed results
(Rodrigues & Brooks 2007; Westgate et al. 2014). Spatial bias is also an important issue,
with data availability across geographical regions varying considerably, leading to
assessments of biodiversity that are not representative of the complete area of interest.
Although increases in data availability have occurred, these have tended to exacerbate
existing spatial biases, rather than ameliorate them (Meyer et al. 2015; Amano et al.
2016). Citizen science is playing an important role in the reduction of data gaps,
however, these biases still hold, with much of the data increase being for birds in wellstudied regions (Amano et al. 2016). The granularity, or spatial resolution, of data also
presents limitations. When only coarse data are available, information on local species
response is hidden.

For example, the IUCN Red List of species provides coarse

information on species threat status but cannot aid in the determination of where these
threats are greatest. Ideally, data sources would have a broad coverage of biomes, taxa,
and spatial scales, cover a large geographic extent but be of a small grain size so that
biodiversity change can be assessed across scales and be representative of the area it
covers (Beck et al. 2012). Ways to promote the collection and collation of data that meet
these requirements have been discussed, with Essential Biodiversity Variables (EBVs)
offering one option to structure and standardise biodiversity data from different sources
(Kissling et al. 2018), however this approach has not been implemented so far. The
integration of currently available datasets to improve the taxonomic and spatial
coverage of biodiversity studies is needed.
When determining quantitative measures of change in species status over time, two
types of information are generally considered: species abundance and species
occupancy.

Abundance data are considered the gold standard and are a major

contributor to global studies of change (Butchart et al. 2005; Dornelas et al. 2014;
Hudson et al. 2014; McRae et al. 2017). Invertebrates (with the exception of butterflies)
and plants are not often represented in such analyses due to a lack of abundance data
reflecting the practical difficulty of collection. For example, a mid-term assessment of
progress towards biodiversity targets did not include any data on plants or invertebrates
in the assessment of progress towards target 12, which relates to preventing extinctions

Chapter 1

| 23

(Tittensor et al. 2014). Both the PREDICTS and BIOTIME databases that underlie two
major global biodiversity studies do include these groups, however, they are strongly
underrepresented (Hudson et al. 2014; Dornelas et al. 2018). Plants and invertebrates
perform very different functions within the environment compared with vertebrates
(Yang & Gratton 2014; Oliver et al. 2015b), so changes in the provision of these functions
due to declines in these groups are likely overlooked. It is unlikely, however, that longterm time series in abundance data will become available for those currently
unrepresented taxa, so in order to include these neglected groups in large-scale studies,
alternative data sources must be considered alongside appropriate methods to analyse
them.

1.3 Occurrence records for biodiversity metrics
Presence/absence data from systematic surveys offers one alternative source of data
that can be used to assess status and trends in biodiversity. These data describe the
presence of a species at a known time and location and are often structured in their
collection process so true absences are recorded. Examples of this form of data include
complete checklists of species, such as those collated as part of the eBird observation
network (Sullivan et al. 2009), which record all bird species observed within a site visit,
and camera trap data, such as those collated by the Tropical Ecology Assessment and
Monitoring Network, on the presence and absence of tropical forest mammals (Ahumada
et al. 2011). One example with high geographical coverage is the dataset behind the
Wildlife Picture Index (WPI) which uses camera traps to determine the occupancy of
birds and medium- to large-sized mammals in tropical regions (O’Brien et al. 2010;
Nichols 2010), where data are generally lacking (Collen et al. 2008). These kinds of
datasets offer an alternative to abundance data but are still limited in their coverage and
scale.

In the future, improving technologies will increase the availability of

presence/absence data, but their ability to detect change in the past will be limited.
Presence-only data are available for a much wider selection of species than abundance
data or presence/absence data and are another source of information on biodiversity
change. Occurrence records are presence-only data that represent observations of
species at particular points in time and space. These data are collected using both
structured and unstructured sampling protocols and are collected by both professionals
and skilled amateurs.

For some groups, such data are available in much higher

quantities, with greater coverage both geographically and taxonomically, than available
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abundance data. Citizen science has played a large role in increasing the number of
records of this kind for scientific research and this area is continuing to grow (Silvertown
2009). The fact that these data are often collected by volunteers with a particular
interest or passion for a species group means more data can be collected at a lower cost
than if structured techniques were used.

Such projects and societies promoting

volunteer recording therefore facilitate the collection of long-term monitoring data
(Catlin-Groves 2012). However, the lack of structured sampling has, until recently,
resulted in the perception that occurrence records cannot be confidently used for largescale monitoring of status and trends. Yet, vast amounts of occurrence records are
available globally, with the Global Biodiversity Information Facility (GBIF) now holding
over 1 billion occurrence records (www.gbif.org, July 2018).
In the UK, occurrence records are more commonly referred to as biological records.
Building on a legacy of Victorian natural historians, biological recording within the UK
has grown into a community of volunteer-run schemes and societies. These groups have
been supported by the Biological Records Centre (BRC) since 1964 (Pocock et al. 2015;
Roy et al. 2015), and have collectively generated many hundreds of millions of
observations of wildlife. To date, these data have primarily been used to create and
assess species distribution maps as part of atlas projects, however, they are increasingly
used to explore scientific hypotheses as methods to account for sampling biases are
developed (Pescott et al. 2015a; Mason et al. 2015; Powney et al. 2015). Recording has
been increasing over time with substantial levels of data available for plant, vertebrate
and invertebrate taxa, and new schemes are being set up regularly to cover an ever
increasing list of species groups. Scheme coverage includes neglected taxa such as
spiders, coleopteran groups, dipteran groups, lichens, bryophytes and vascular plants to
name just a few. Many of these schemes work closely with the BRC (a list of participating
schemes can be found here: www.brc.ac.uk/recording-schemes) and are able to provide
national scale data, often collected at a fine grain (e.g. square kilometre or hectare),
covering many of the taxa missing from large-scale analyses to date.

1.3.1 Biases associated with occurrence records
Occurrence records are not collected using a structured collection protocol or sampling
design, because of this a number of biases are associated with this form of data (Boakes
et al. 2010; Botts et al. 2011). Isaac & Pocock (2015) defined four categories of bias in
occurrence records in the context of measuring change over time: uneven detectability,
uneven recorder effort, uneven recording over time and uneven recording in space.
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Uneven detectability of species occurs as some species are easier to spot than others.
Detectability might also vary with respect to habitat type, and the availability of new
information such as field guides or the use of technology may alter species detectability
in time. Uneven recorder effort is a result of a lack of standardised protocols for data
collection. Time spent looking for species can vary and there is often no information on
whether all species observed were recorded or not. These differences can be seen as
variation in the number of species recorded together on the same “list”, i.e. at the same
site and date (Figure 1.1).

Figure 1.1: The proportion of visits that consist of a record of a single species, two
species, three species, or more than three species for a selection of taxonomic groups
studied within this thesis. A visit is a unique combination of site, here a 1x1km grid cell,
and date, here between 1970 and 2015. Data were collated from UK or GB based
recording schemes via the Biological Records Centre, Wallingford.

Uneven recording over time is usually characterised by an increase in the number of
records submitted to schemes, resulting in the appearance of more sites being occupied
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in more recent years (Figure 1.2). This can be a major problem when analysing
occurrence records as there is a need to ensure that trends are not a result of changes in
recording effort over time. There can also be a lag in the availability of records in recent
years as they take time to be submitted and incorporated into databases.

Figure 1.2: Number of records per year from 1970 to 2015 for 32 taxonomic groups
studied within this thesis. Data were collated from UK or GB based recording schemes
via the Biological Records Centre, Wallingford.

Similarly, there is considerable variation in recording intensity in space. As collection of
these data is not structured across space, certain areas (generally urban areas or
locations where very active recorders live) show dense recording patterns (Figure 1.3).
It is also likely that recorders visit places they know they will see something of interest
making records more likely to be from biologically rich areas, such as local or national
nature reserves. The same problems with spatial coverage already discussed in the
previous section (Section 1.2) also apply to this form of data.
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Figure 1.3: The spatial distribution of records for two taxonomic groups: ants and
hoverflies. Points are 1x1km grid cells that have at least one record between 1970 and
2015. Ant data were supplied by the Bees, Wasps and Ants Recording Society and
hoverfly data from the Dipterists Forum, Hoverfly Recording Scheme.

These biases have presented substantial challenges for analyses of change using
biological records and, as a result, this type of data has not been used to its fullest
potential to date. A number of methods are available that try to address some or all of
the intrinsic biases in this form of data so that it can be used more effectively to assess
biodiversity status and trends.

1.4 Methods for the analysis of occurrence records
The primary use of occurrence records was initially to produce atlases showing the
distributions of species and to compare distributions between time periods when
multiple atlases are available (Pocock et al. 2015). Yet with the growing need to assess
large-scale change in biodiversity, reliable ways to analyse this form of data have been
developed to determine species occupancy and trends over time.

Methods have

therefore been developed to take advantage of the coverage of occurrence records such
as biological records whilst accounting for the known biases.
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1.4.1 Data filtering methods
Simple techniques involve the filtering of data to remove the biases arising from uneven
recording activity. Subsampling of data to equalise recording effort across time periods
is one example of attempts to remove differences in recorder effort over time, where
more data are generally available for recent time periods (Warren et al. 2001). However,
this does not account for uneven detectability or of uneven recording in space, it is also
assumed that the number of visits per site is even which is often not the case. Similar
filtering techniques have been employed where grid cell inclusion criteria are based on
levels of recording, for example, a “well-sampled sites” method filters data based on sites
where at least two species have been observed and with at least three years of data (Roy
et al. 2012). Analyses can also be repeated using different inclusion criteria so that
differences due to change in recorder effort over time can be determined (Hickling et al.
2006). These methods then go on to estimate species status or trends using this filtered
subset of the original data, for example, the “well-sampled sites” method has been used
to assess large-scale trends in UK insects highlighting high proportions of declining
species across taxa (Dirzo et al. 2014) and for groups of species performing specific
ecosystem functions (Oliver et al. 2015b). Although these techniques offer a simple
approach to utilizing this form of data they do not account for some of the major biases
including uneven sampling effort in space or uneven detectability. This was highlighted
in a simulation study testing various methods for analysing occurrence records (Isaac et
al. 2014). The authors showed that the inclusion of site filtering within the method
implemented to assess species trends was less powerful than those without, indicating
in general more data are better than filtered data. This is a result of the fact that when
data filtering is used, a considerable amount of information will be left out of an analysis.
It has also been shown that filtering does not improve the trend estimate when compared
with unfiltered datasets (Kamp et al. 2016).

1.4.2 Statistical correction methods
Statistical correction methods have been explored that aim to account for biases in the
data. For example, the Telfer method accounts for uneven sampling intensity over time
by estimating individual species trends relative to changes in the total number of
records. The theory here is that, if recorder effort increased over time, you would expect
to see an increase in all species. Any change not associated with this general trend would
be a true trend in terms of relative change in range size between two time periods (Telfer
et al. 2002). This method has been applied to British plant data to assess change in
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Alternatively, list-length analysis has been

developed to utilise list length (the number of species observed on a particular site and
date) as a proxy for sampling effort (Szabo et al. 2010). Here, it is assumed that the
longer the list length, the more time was spent looking so more species were observed.
This method aims to account for differences in sampling effort when estimating longterm trends in species occupancy relative to other species in the assemblage (Szabo et
al. 2010). Another method, proposed by Ball et al. (2011), models species status as a
proportion of all records to control for change in the number of records over time. More
recently, a method called Frescalo was developed to address the ‘recorder effort
problem’ by using the proportion of a set of benchmark species at a location as a measure
of recorder effort (Hill 2012). The idea being that benchmark species are (locally)
common and stable, so records of other species can be related to them. This method has
been used to look at long-term change in the frequency of occurrence of British moths
(Fox et al. 2014) and to assess trends for the Vascular Plant Red List for England (Stroh
et al. 2014).
Each method corrects for a different form of bias, but in reality there are multiple biases
present within a dataset. Most methods therefore perform poorly under at least one
scenario when tested with various simulated, biased recording scenarios (Isaac et al.
2014). The method proposed by Ball et al. produced inflated type I error rates (false
positives) and the Telfer method, although robust under a number of scenarios was the
least powerful of the methods tested. Frescalo is more robust than other methods but is
subjective to choices about the spatial and temporal scale upon which performance is
dependent.

1.4.3 Occupancy-detection models: modelling the bias
An increasingly popular method that has been developed for estimating species change
from occurrence records is the occupancy-detection model.

Occupancy-detection

models consist of a hierarchical model with two submodels. The state submodel,
describes the ecological processes underlying the true occupancy state of a site. The
observation model, describes the detection process underlying the observed data. The
submodels are coupled, by stating that a record is conditional on the species being both
present and detected. This structure allows the modelling of data for which detection is
imperfect by incorporating the data collection process into the model itself (MacKenzie
et al. 2006). These models have been implemented using a Frequentist (e.g. Dennis et al.
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2017) and Bayesian approach (e.g. Kéry et al. 2010a; van Strien et al. 2013). Bayesian
implementations offer increased flexibility, allowing the incorporation of features into
the model to account for biases in addition to imperfect detection. These additions
include, but are not limited to: the inclusion of filtering methods such as those described
above or the addition of site identity into the model, both of these processes are aimed
at addressing uneven recording in space, the use of list-length as a proxy for sampling
effort (Szabo et al. 2010), as well as the incorporation of seasonal variation in
detectability within a closure period (period of time that a site is assumed to stay
occupied during a period of surveys, often a single year) (van Strien et al. 2013). Methods
have also been developed to account for the possibility of false positives, i.e. species
misidentifications (Royle & Link 2006; Guillera-Arroita et al. 2017). More complex
variations of the occupancy model have been developed, including multispecies models,
multistate models and dynamic models (Bailey et al. 2013). Although they are more
complex and data hungry, occupancy-detection models have been shown to have the
greatest power to detect trends in species occupancy when compared to some of the
alternative methods discussed here (Isaac et al. 2014). The multi-component occupancydetection model demonstrated low type I error rates in trend detection across a variety
of biased recording scenarios due to the fact that it incorporates components that can
deal with multiple forms of bias.

1.5 Combining occupancy models and occurrence records
Kéry et al. (2010b) first demonstrated that single species occupancy models could be
used to correct trend estimates derived from opportunistic occurrence records through
the analysis of observations of four Swiss birds. By organising species observations into
detection histories, the otherwise presence-only data could be used directly within an
occupancy modelling framework. To do this, information on the detection of species is
used to infer the non-detection of others within a specified group. For example, if ant
species B, C and D were detected but species A was not, this is coded as a non-detection
of species A. The assumption is that if it had been detected it would have been recorded
as other species within that group were recorded. This assumption is valid when all
species are available to be recorded and are being looked for but there are factors that
make these assumptions less tenable. For example, if species have different phenologies
they may not all be available to be detected at the time of the visit. Also, targeted
searches for specific species will result in species being observed but not recorded, also
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The BUGS (Bayesian inference Using Gibbs Sampling)

language allows a nuanced specification of the detection model that can accommodate
the differences in detectability as a result of these situations. For example, the use of list
length within the detection model as a proxy for sampling effort has been formulated in
two ways: one uses a continuous specification to describe the change in detectability
with sampling effort (Isaac et al. 2014), and the other uses a categorical specification
describing differences in detectability when species are recorded on lists of set lengths
(van Strien et al. 2013). Through the generation of the detection histories, the presenceonly data of occurrence records is transformed to a detection/non-detection format that
can be used within an occupancy model. van Strien et al. (2010) used this technique to
determine trend estimates using opportunistically collected dragonfly data from the
Netherlands. They found that trend estimates derived from comprehensive species lists
were similar to those derived from a monitoring scheme, but trends based on shorter
lists were more imprecise. Similar tests showed trends derived for dragonflies and
butterflies were also well matched to their standardised monitoring scheme equivalents
(van Strien et al. 2013). The single species occupancy model can be advanced to
incorporate the meta-population dynamics that are responsible for species occupancy
allowing the modelling of species persistence, colonisation and extinction. Using this
method it was possible to show that the meta-population dynamics of a heathland
butterfly were altered before a corresponding change in species distribution was evident
(van Strien et al. 2011). Multispecies models enable the use of presence-only data to
estimate species richness patterns (Kéry & Royle 2008). These models have the
advantage that they can share information across species when recording intensity is
low, thereby improving the precision of estimates (Woodcock et al. 2016; Boakes et al.
2017).

1.6 Application of occurrence records to large scale biodiversity
studies
The development of the techniques described above has prompted the inclusion of
occurrence records into national scale estimates of biodiversity change. Estimates of
species occupancy have enabled the incorporation of more species into an LPI for the
Netherlands, supplementing abundance data for mammals, amphibians and butterflies
and providing new information for fish and dragonflies (van Strien et al. 2016). Within
the UK, annual indicators of biodiversity change are produced primarily using
abundance data from standardised monitoring schemes of birds, bats and butterflies.
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More recently, annual estimates of occupancy derived from the analysis of biological
records using occupancy models have been used to broaden the taxonomic coverage of
these indicators. These data have contributed to national statistics on change in priority
species and pollinating insects (Eaton et al. 2015; Powney et al. 2017). This has
considerably broadened the taxonomic breadth of UK monitoring to include
invertebrates other than butterflies as well as lichens and bryophytes, both of which are
neglected groups. The preliminary results from this thesis contributed 1600 species’
occupancy outputs to The State of Nature Report 2016, making up 60% of the species
with annual measures of species status (Burns et al. 2018), contributing to an increase
taxonomic breadth of knowledge on UK wildlife.
The use of occupancy models to analyse species occurrence records is a growing field
and is enabling greater taxonomic inclusion in analyses of biodiversity than was
previously possible from abundance data alone.

However, these studies are still

taxonomically biased towards groups that have a high recording intensity, for example
birds, dragonflies, bees and hoverflies within countries that have a strong history of
recording. The exception to this is the UK priority species indicator which incorporates
some less well-studied taxa such as ants, grasshoppers and wasps (Eaton et al. 2015).
However, coverage is still limited by the models’ high data requirements to produce
robust results. Within the UK in particular a lot of data are available for many less wellstudied taxa, particularly among invertebrates, which are often neglected in large-scale
studies, yet model formulations able to work with low-recording intensity data have not
been fully developed. The model used to carry out the UK scale analyses of the
biodiversity indicators described above suffers from flaws that make it unsuitable for
many datasets. Due to the low-recording intensity of some of the taxa covered, the data
are not able to overcome the strong influences of certain priors placed on specific
elements of the state model. Priors are used within the Bayesian model to specify the
knowledge of the system before data are collected. The data then overcome these priors
to present the estimated state of the system. The strong influence of specific priors in
currently used occupancy model formulations is something that needs to be addressed
for full advantage to be taken of the vast amounts of occurrence records available for the
UK.
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1.7 Assessing drivers of change
It is well known that anthropogenic impacts are the greatest drivers of biodiversity loss
(Millennium Ecosystem Assessment 2005). Globally, these drivers have been identified
as land use change, climate change, pollution, overexploitation and invasive species. Two
major drivers have been identified as being the primary cause of biodiversity change in
the UK: the intensive management of agricultural land and climate change (Burns et al.
2016). Intensive agricultural management, including increased pesticide and herbicide
use, loss of semi-natural habitat and the use of production driven practises, had the
greatest negative impact upon the species studied by Burns et al. (2016) in terms of
distribution or abundance declines. The effect of climate change, on the other hand, was
varied with some species being positively affected while others having declined as a
result. Knowledge on drivers of change and their impact on species is key to the
prevention of further negative impact as well as for the implementation of appropriate
conservation action.
Structured monitoring data has been used widely to investigate the impacts of drivers of
change on specific taxa as well as the effects of conservation and land management. The
UK Butterfly Monitoring Scheme (UKBMS) in particular has collected structured data
from across the UK that has been used to investigate change in butterfly abundance,
distribution and the effects of both positive and negative drivers of change (Warren et al.
2001; Thomas 2005; Oliver et al. 2010; Curtis et al. 2015). For example, for UK butterflies
at their northern range margins, any positive effects expected as a result of climate
change have been negated by the effect of habitat loss (Warren et al. 2001). This was
particularly strong for habitat specialists of which 89% showed a reduced range
consistent with the effect of habitat limitation. The UKBMS data has also been used to
highlight the positive effect of landscape heterogeneity on the population dynamics of
UK butterflies, showing that more variable landscapes can promote the stability of
populations (Oliver et al. 2010). The UK Breeding Bird Survey, another structured
national monitoring scheme, has contributed considerably to the understanding of the
impacts and effects of drivers on bird populations. This has included the effect of agrienvironment schemes on farmland bird abundance (Walker et al. 2018), the effect of
monthly temperature and precipitation on population trends (Pearce-Higgins et al.
2015), and determining the relative importance of land use and climate on trends
(Eglington & Pearce-Higgins 2012). More recently, similar evidence is also being
provided through the use of unstructured data including occurrence records. Records of
ladybirds from the UK Ladybird Survey have been used to show the strong negative
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impact of the arrival of the alien invasive Harlequin ladybird in the UK and Belgium (Roy
et al. 2012). Studies incorporating multiple species groups have shown evidence for
range shifts in 21 taxa (Mason et al. 2015), as well as declines among species groups
providing key ecosystem services such as pollination, pest control and cultural benefits
(Oliver et al. 2015b). More recently, unstructured data on bees from the Bees, Wasps
and Ants Recording Society have been used to show the negative effect of neonicotinoid
insecticides on the wild bee populations of England (Woodcock et al. 2016). The broad
taxonomic coverage and national scale availability of biological records lends themselves
to large-scale studies of the impact of landscape scale drivers of change. With a better
understanding of how drivers influence biodiversity more effective environmental
policies and conservation action can be put in place.

1.8 Thesis overview
In this thesis I explore long-term change in UK biodiversity focussing on taxonomic
groups that have been neglected in large-scale studies to date.

Through the

improvement of a previously used occupancy modelling framework, I determine the
status and patterns of change of thousands of UK species over time, consider multiple
metrics of biodiversity change, and investigate the effects of specific drivers of change on
these patterns (Figure 1.4). A common theme is the use of occurrence records in the
form of UK biological records collected by volunteers as part of recording schemes and
societies.
First, in Chapter 2, I test and compare variations of an existing Bayesian occupancy
modelling framework in order to expand its use to datasets with lower recording
intensity. Within this thesis I focus on Bayesian methods as they provide greater
flexibility than the Frequentist equivalent, and offer a more intuitive expression of
uncertainty which can be propagated throughout the modelling process. I ask whether
increased precision and reduced bias can be accomplished for occupancy and trend
estimates. To accomplish these improvements I focus on variation in prior structure.
In Chapter 3, I use a model incorporating the improvements established in Chapter 2 to
determine annual occupancy estimates for 12,204 species from 32 taxonomic groups
including various invertebrates, vascular plants, bryophytes and lichens.

This

constitutes the largest study of UK biodiversity to date and presents estimates of annual
occupancy from 1970 to 2015. These outputs have been made available through the
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Environmental Information Data Centre in the hope that they encourage and facilitate
further work into the patterns and drivers of change of these species. Chapter 3 is a
Methods and Data chapter and does not contain any analysis: the outputs from these
models are analysed in detail in Chapters 4 and 5.
I then ask whether the patterns of change in the taxa covered by this study are different
from national scale trends in well-studied taxa such as birds and butterflies. In Chapter
4, I assign species to one of five major groups (freshwater species, terrestrial insects,
terrestrial non-insect invertebrates, vascular plants and bryophytes & lichens) to
explore the range of responses of change in average occupancy observed over time. I
also compare responses of rare versus common species within groups.
Using the dataset produced in Chapter 3, I then assess three forms of biodiversity trend
across two scales. This type of analysis is essential to establish a complete picture of
biodiversity change when most studies only cover one form of change at one scale. In
Chapter 5, I compare metrics of local alpha diversity, regional alpha diversity and
regional beta diversity to investigate the relationships between metrics and ask whether
there are common responses according to overall trend in occupancy.
The unique pattern shown by the freshwater species in Chapter 4 prompted a more indepth look at the drivers responsible for this pattern of change (Chapter 6). Previous
studies had indicated that improvements in river water quality were responsible for
locally observed improvements in freshwater diversity (Langford et al. 2009; Vaughan &
Ormerod 2012).

Using a dynamic, multispecies occupancy model I test whether

ammonia and biochemical oxygen demand have a negative effect on species persistence
and colonisation of freshwater invertebrates in the UK.
Finally, in Chapter 7, I discuss the conclusions that can be drawn from this body of work
as well as the limitations and potential for future research.

When does
change occur?

PATTERNS

Chapter 5: Comparing
metrics of biodiversity

Chapter 4: Temporal
patterns of change

What are the common
responses?

What are the unique
responses?

Can taxonomic coverage of
UK biodiversity research be
increased?

STATUS

Figure 1.4: Schematic outlining the broad themes and questions that are the focus of this thesis.

Chapter 3: Application of
model to dataset
covering >12,000 species

Chapter 2: Model
comparisons

Can alternative data
sources, such as
occurrence records,
provide useful
information?

Can current methods for
analysing occurrence
records be improved?

Chapter 6: Drivers of freshwater
biodiversity change

What drives
change?

Is there a common
response across
species?

Does legislation have an
impact on biodiversity
change?

DRIVERS
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Prior specification in Bayesian occupancy
modelling improves analysis of species
occurrence records

This work was conducted in collaboration with my supervisors and my
colleague Gary Powney. It was published in May 2018 as:
Outhwaite, C.L., Chandler, R.E., Powney, G.D., Collen, B., Gregory, R.D. & Isaac,
N.J.B. (2018) Prior specification in Bayesian occupancy modelling improves
analysis of species occurrence data. Ecological Indicators, 93, 333–343.
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2.1 Abstract
Multi-species biodiversity indicators are increasingly used to assess progress towards
the 2020 ‘Aichi’ targets of the Convention on Biological Diversity. However, most multispecies indicators are biased towards a few well-studied taxa for which suitable
abundance data are available.

Consequently, many taxonomic groups are poorly

represented in current measures of biodiversity change, particularly invertebrates.
Alternative data sources, including opportunistic occurrence records, when analysed
appropriately, can provide robust estimates of occupancy over time and increase the
taxonomic coverage of such measures of population change. Occupancy modelling has
been shown to produce robust estimates of species occurrence and trends through time.
So far, this approach has concentrated on well-recorded taxa and performs poorly where
recording intensity is low. Here, the use of weakly informative priors in a Bayesian
occupancy model framework greatly improves the precision of occurrence estimates
associated with current model formulations when analysing low-intensity occurrence
records, although estimated trends can be sensitive to the choice of prior when data are
extremely sparse at either end of the recording period. Specifically, three variations of a
Bayesian occupancy model, each with a different focus on information sharing among
years, were compared using British ant data from the Bees, Wasps and Ants Recording
Society and tested in a simulation experiment. Overall, the random walk model, which
allows the sharing of information between the current and previous year, showed
improved precision and low bias when estimating species occupancy and trends. The
use of the model formulation described here will enable a greater range of datasets to be
analysed, covering more taxa, which will significantly increase taxonomic representation
of measures of biodiversity change.

2.2 Introduction
Targets to stem the loss of biodiversity have been in place globally since 2002 when the
CBD agreed the goal for signatory parties to “significantly reduce the rate of biodiversity
loss by 2010”.

The recognised failure to meet this target was followed by the

development of the ‘Aichi’ targets for 2020 (Convention on Biological Diversity 2010).
The new targets focussed on different facets of biodiversity loss, both direct and indirect,
such as awareness of biodiversity, the causes of loss, sustainable land management, the
pressures on biodiversity, and the benefits gained from it. To monitor progress towards
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these goals, a set of biodiversity indicators have been developed to track change in
measures related, either directly or indirectly, to these elements (Butchart et al. 2010;
Tittensor et al. 2014). Biodiversity research has, therefore, increasingly focussed on the
development of tools to produce robust measures of biodiversity change to accurately
measure progress towards these targets (Buckland et al. 2005; Gregory et al. 2005).
Species based indicators are the primary means of monitoring change in the state of
biodiversity over time. Several indicators of population change have been developed, at
various scales and taxonomic coverage. The Living Planet Index is a multi-species
indicator that was developed to monitor change in vertebrate abundance at a global scale
(Collen et al. 2009). Other examples include the wild bird indicator for Europe (Gregory
et al. 2005) and the recent development of butterfly indicators for the UK and Europe
(Brereton et al. 2010; Van Swaay et al. 2015). The lack of taxonomic representation is
primarily due to dependence on the availability of abundance data from large-scale
structured monitoring schemes. In Europe and North America this is limited to birds,
mammals, butterflies and moths: elsewhere such schemes are rare. Consequently,
current biodiversity indicators are taxonomically biased towards these groups and their
ability to act as surrogates of wider biodiversity has been questioned (Rodrigues &
Brooks 2007; Westgate et al. 2014) but rarely evaluated. The lack of taxonomic
representativeness is an ongoing problem. If the goal is to understand how biodiversity
is changing as a whole, it is important that all groups are represented where possible
when such metrics are produced.
One way to achieve greater representation is to use occurrence records for those
taxonomic groups that lack abundance data. Occurrence records are presence-only
records of a species at a known time and location. By also using occurrence records to
measure change in biodiversity, it is possible to broaden taxonomic coverage of
biodiversity metrics and improve understanding of biodiversity change. For example,
the Dutch LPI (van Strien et al. 2016) utilises distributional data on dragonflies, fish,
mammals, amphibians and butterfly species alongside abundance data. The UK Priority
Species Indicator (PSI) uses occurrence records to assess species status for whom
abundance data are not available (Outhwaite et al. 2015; Eaton et al. 2015). These
indicators have taken advantage of the development of occupancy modelling to
incorporate species occurrence records into their assessments (Kéry et al. 2010b; van
Strien et al. 2013; Isaac et al. 2014).
To date, most applications of occupancy modelling to occurrence records have been
limited to well-recorded taxa, such as butterflies (van Strien et al. 2013), dragonflies (van
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Strien et al. 2010; Termaat et al. 2015; Powney et al. 2015) and birds (Kéry et al. 2010b;
Kamp et al. 2016). An exception was the 2015 UK PSI, which used a Bayesian occupancy
modelling framework to analyse a range of taxonomic groups (hymenoptera,
bryophytes, carabids, odonata, fish, moths, orthoptera and soldierflies), few of which can
be considered to be well-recorded (Isaac & Pocock 2015). Without occurrence records
as an alternative data source, no information would be available for the vast majority of
the UK “priority species”.
The specific occupancy model used for the PSI was that tested by Isaac et al (2014): they
reported high power for estimating species trends compared with alternative methods,
and low type I error rates. Isaac et al. explored “high”, “medium” and “low” levels of
recording intensity, benchmarked against UK and Dutch occurrence datasets. However,
occupancy model outputs were useable for only 20% of UK priority species, as most are
in taxonomic groups with low levels of recording (Outhwaite et al. 2015). Although
occurrence records are a vast resource, particularly in Europe and North America, the
availability and coverage varies hugely (Meyer et al. 2015). To date, no research has
examined the formulation of occupancy models for use with low recording intensity data.
To make the most of the occurrence records available the modelling techniques used
must be appropriate for existing data and produce outputs with a high precision where
possible. The use of current methods on low-intensity data, as shown by the UK PSI, has
revealed the need for improvement if they are to be more widely applicable.
One reason for the restricted applicability of current occupancy models is a lack of
realistic year-on-year variation in their representation of species occupancy.

For

example, the model formulation of Isaac et al (2014) specifies that the occupancy
probability of a site is independent from one year to the next. In reality, however, for
many species the occupancy probabilities in successive years will tend to be similar, with
the degree of similarity depending on the species’ ecology. This insight can be exploited
to constrain the results of an occupancy analysis in a principled manner, with the
constraints providing crucial additional “information” that extends the applicability of
such techniques to much sparser data sets than has previously been possible. In practice,
the constraints are specified using carefully constructed prior distributions within a
Bayesian framework. The use of informative and biologically plausible prior
distributions can increase confidence in estimates produced from ecological studies
(McCarthy & Masters 2005), although care is required to ensure that the priors do not
influence the results unduly. This approach has not been used previously in occupancy
trend estimation.
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Here, the occupancy model framework tested by Isaac et al. (2014) is used as a base
against which to compare alternative specifications that differ in how information about
the occupancy state is shared among years. The aim is to determine whether the
additional information from sharing across years can advance current modelling
practice to improve precision and reduce bias of trend estimates from datasets with low
recording intensity. Specifically, I ask: (1) can alternative prior formulations in a
Bayesian occupancy modelling framework improve the precision of species annual
occurrence estimates? (2) Do these alternative formulations increase the precision and
reduce the bias of species trend estimates compared to the original method tested by
Isaac et al.? If a more appropriate formulation of this occupancy based method can be
determined, it will extend the range of taxonomic groups to which occupancy models can
be reasonably applied, thus contributing to broadening knowledge on biodiversity
status.

2.3 Methods
Occupancy models are designed for the analysis of presence-absence data from a
collection of sites over time: an occupancy dataset for a particular species typically
consists of a set of binary values {yitv} say, where yitv takes the value 1 if the focal species
was observed at visit v to site i in year t and 0 otherwise. These elements may be
supplemented by other variables, such as sampling effort, or weather, that are
potentially related to the probability of observing a species if it is present. To determine
whether the use of occupancy models could be improved for the analysis of low
recording intensity occurrence records, I compared two variants of the Bayesian
modelling framework tested by Isaac et al. (2014) to the original model formulation used
by those authors (hereafter the ‘base model’). Model variants were compared using data
for ants in Great Britain, where the data available is similar to the low recording intensity
simulated by Isaac et al. (2014). Model variants were also tested in a simulation
experiment to compare their performance with respect to the precision and bias of trend
estimates.
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2.3.1 The base model
The base model of Isaac et al. (2014) is split into two distinct sub models: a state model
and an observation model. The “closure period” (the temporal precision of the state
model) is one year; the observation model estimates the probability of detection based
on repeat visits within years. The per visit detection history of each species is inferred
from records of other species in the assemblage, as detailed in section 1.5 of the previous
chapter.
The state model, as defined by equations (1) and (2), describes the true occupancy state,
zit, of site i in year t. This will be 1 if occupied or 0 if unoccupied. Let ψit denote the
probability that the site is occupied. Then zit has a Bernoulli distribution:

zit ~ Bernoulli(ψit).

(1)

Then occupancy probability varies with site and year:
𝜓

Logit(𝜓𝑖𝑡 ) = log (1−𝜓𝑖𝑡 ) = 𝑏𝑡 + 𝑢𝑖 ,
𝑖𝑡

(2)

where bt and ui are referred to as a ‘year effect’ and ‘site effect’ respectively (more details
in equations 5 & 6, below).
Next, the observation submodel describes how the data were generated. Let pitv denote
the probability that a species will be observed on a single visit, given that it is present at
the site (zit = 1). Then the observation parameter yitv is itself a Bernoulli variable, with
conditional distribution modelled as:
yitv|zit ~ Bernoulli(pitv . zit)

(3)

According to this model, species may only be detected if they are present at a site, so that
if zit equals zero then yitv will always be zero. As such, the model assumes there are no
false positives (i.e. misidentifications) of the focal species within the data. If a site is
occupied (i.e. zit =1) then (3) gives yitv ~ Bernoulli(pitv).
Variation in detection probabilities, pitv, per site, per year and between visits is then
modelled as follows:
𝑝

logit(𝑝𝑖𝑡𝑣 ) = log (1−𝑝𝑖𝑡𝑣 ) = 𝑎𝑡 + 𝑐 log 𝐿𝑖𝑡𝑣 ,
𝑖𝑡𝑣

(4)
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where 𝑎𝑡 is a year effect and Litv is the list length, defined as the number of species
recorded at visit v to site i in year t. Parameter c represents the relationship between
overall sampling effort and the detection probability of the focal species. List length is
used as a proxy for sampling effort per visit (Szabo et al. 2010), and it is assumed that
the detectability of a species will covary with sampling effort (i.e. generally c > 0).
As this model is fitted using Bayesian inference, each of the unknown parameters to be
estimated must be assigned a prior distribution describing knowledge of the system
before the data were collected. As is often the case when occupancy models are used to
analyse ecological data, the priors of the base model are vague and uninformative, in an
attempt to represent a complete lack of information on the system. Isaac et al. (2014)
used the following prior formulations:
𝑏𝑡 ~ Uniform(-10, 10)

(5)

𝑢𝑖 ~ Normal(0, 𝜎𝑢2 )

(6)

𝑤ℎ𝑒𝑟𝑒, 𝜎𝑢 ~ Uniform(0, 5)

(7)

𝑎𝑡 ~ Normal(μα, 𝜎𝑎2 )

(8)

𝑤ℎ𝑒𝑟𝑒, μ𝛼 ~ Normal(0, 100), 𝑎𝑛𝑑 𝜎𝑎 ~ Uniform(0, 5)

(9)

and c ~ Uniform(-10, 10).

(10)

The priors on the variances, 𝜎𝑢2 and 𝜎𝑎2 , are specified in the model code via their inverses
𝜏𝑢 and 𝜏𝑎 . This is standard practice in Bayesian inference, as it is mathematically and
computationally convenient. The quantity 𝜏𝑢 = 1⁄ 2 is referred to as a precision
𝜎𝑢
parameter.
The model can be fitted to the data using Markov Chain Monte Carlo (MCMC) techniques,
which are designed to produce samples from a posterior distribution of any unknown
quantity.

Estimates of species occurrence are then derived from the posterior

distribution of the parameter zit as the expected proportion of occupied sites for each
year.

2.3.2 Problems with the base model
One feature of the model formulation (1)-(10) is that the year effect, 𝑏𝑡 , is independent
between years. This parameter is treated differently from 𝑢𝑖 and 𝑎𝑡 , which can be
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considered as random effects in that they both have a hierarchical prior structure with
variance parameters 𝜎𝑢2 and 𝜎𝑎2 that are themselves assigned distributions. The variance
parameters are estimated along with all other parameters within the model: this in turn
enables the site and year effects, 𝑢𝑖 and 𝑎𝑡 , to adapt to variation within the data. Since 𝑏𝑡
does not have a prior distribution including these variance parameters, it does not have
this associated flexibility. One implication of this is that it may be necessary to acquire
a relatively large number of samples before meaningful estimates can be obtained.
Consequently, when there are few data, values drawn from the prior distribution for 𝑏𝑡
(equation 5) and converted to the probability scale will more than half of the time be
either greater than 0.99 or less than 0.01 and, critically, will be independent from year
to year. This means that, according to the prior, the occupancy state of a site could often
switch between very likely to be occupied to highly unlikely to be occupied between
years. This does not make biological sense, and the effect is that occupancy estimates
can show large fluctuations from year to year when applying these models to datasets of
low recording intensity. For example, Figure 2.1 shows the base model outputs of annual
occurrence for the yellow meadow ant (Lasius flavus), in Great Britain (GB) where
estimated occupancy varies by as much as 40% from one year to the next, which is
ecologically implausible.
Another issue evident in Figure 2.1, is the low precision of estimates (credible intervals
spanning most of the possible range) in some years. This is because the data are not
sufficiently informative to overcome the unrealistic structures implied by the priors.
This phenomenon is most pronounced at the start and end of the sequence, since these
years tend to have fewer records. Lasius flavus is the third most frequently recorded ant
in the dataset of 57 species, with 1,862 records, so most models will look worse than this
when recording intensity is low. From this model one might tentatively conclude that
the species declined during the late 1970s and early 1980s before stabilizing, but the
magnitude of change is highly uncertain. For nearly half the years in this sequence, the
occupancy estimates are so imprecise as to be uninformative.

Chapter 2

| 45

Figure 2.1: Plot of occurrence estimates (the proportion of occupied sites) from 1970 to
2013 generated via the base model for the ant species Lasius flavus in GB. Blue points
represent mean occurrence, 95% credible intervals are shown in grey. Species detections
are plotted along the top of the plot to show data presence over time.

Another problem is the presence of boundary effects from the use of restrictive priors
on the standard deviation parameters of the hyperpriors (equations 7 and 9). The
standard deviation hyperpriors are set as uniform distributions with limits of 0 and 5.
When this parameter is at its maximum value, 5, the associated precision parameter,
𝜏𝑢 = 1⁄ 2 , has a minimum value of 0.04. Thus, if the data provide strong information that
𝜎𝑢
the true precision is smaller than 0.04, then the posterior distribution cannot adapt fully
to this information and instead will be concentrated on the limit set by the prior.
Experience suggests that this problem is not uncommon. Alternative hyperprior options
should therefore be considered to address this issue.
Each of these issues is addressed here by developing variations on this base model.

2.3.3 Model Variant 1: adaptive stationary model
As outlined above, one deficiency with the base model is that the variation in the year
effects, 𝑏𝑡 , is not allowed to adapt to the data. One simple device to allow such adaptation
would be to model the prior mean and variance for bt as unknown parameters with
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hyperprior distributions assigned to them, in the same manner as for the detection submodel (equations 8 and 9). In this variant, equation 5 was replaced with the following:
𝑏𝑡 ~ Normal(μ𝑏 , 𝜎𝑏2 )

(11)

where, μ𝑏 ~ Normal(0, 100), and 𝜎𝑏 ~ Uniform(0, 5).

(12)

The priors on other elements of the model remain unchanged. This variant is referred
to as the ‘adaptive stationary’ (AS) model, as it allows the overall mean and variation in
year effects to adapt to the data (Gelman et al., 2013, Section 5).

2.3.4 Model Variant 2: random walk model
While the adaptive stationary model is expected to be an improvement on the base
model, there is still the possible disadvantage that the mean of the year effect is constant
over time. Given that the purpose of the analysis is to study long-term changes where
these are present, this specification seems potentially limiting for species in rapid
increase or decline. As an alternative to the adaptive stationary specification therefore,
a variant is considered in which the year effects are allowed to drift systematically over
time. To achieve this, bt is modelled as a random walk (Chandler and Scott, 2011, 5.2,
10.3.1): thus a widely dispersed normal distribution is used for b1 (representing a priori
ignorance about the initial status of a species) and then the subsequent year-on-year
changes are modelled using independent normal distributions. This imposes an a priori
judgement that the underlying occupancy probabilities are likely to be similar from one
year to the next, with the precise degree of similarity controlled by the variance of the
year-on-year changes. Random walk priors are commonly used in similar situations (e.g.
Chiogna and Gaetan, 2002; Fahrmeir and Lang, 2001; Lee and Shaddick, 2008): they can
often improve the precision with which trends can be estimated from sparse data
because they allow the sharing of information between time points in a natural way. To
implement the approach, equation 5 in the base model is replaced with:
𝑏𝑡 ~ {

Normal(μ𝑏 , 104 ) for 𝑡 = 1
Normal(𝑏𝑡−1 , 𝜎𝑏2 ) for 𝑡 > 1

where, μ𝑏 ~ Normal(0, 100), and 𝜎𝑏 ~ Uniform(0, 5).

(13)
(14)

Here, the variance 𝜎2𝑏 controls the extent to which each year’s overall mean level is
anticipated to deviate from that of the preceding year, which ultimately is related to the
rate at which a species’ distribution increases or decreases. As with the adaptive
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stationary model, the inclusion of this parameter enables the fitted models to adapt to
the data for each species: species that fluctuate little over time will tend to have small
values of 𝜎𝑏2 , while those experiencing substantial variation will have large values. This
sharing of information across years will likely increase the precision of occupancy
estimates whilst allowing for trends over time. This variant is referred to as the random
walk (RW) model. The prior for 𝑏1 has been set with a variance of 104: experience
suggests that results are generally insensitive to this choice, but that some care is
required when data are sparse at either end of the recording period. The relevant issues,
and recommendations in the case of sparse data, are discussed in Appendix 2.4.

2.3.5 Hyperprior choice
Both model variants described above have been formulated with the hyperprior choice
of the base model, using a uniform distribution with limits of 0 and 5 on the relevant
standard deviation parameters. As discussed, this can lead to boundary effects in the
precision parameters of the model. As an alternative, both the adaptive stationary and
random walk variants have been tested, but replacing these uniform hyperpriors with
half-Cauchy hyperpriors. The half-Cauchy is the same as the Student’s t distribution with
1 degree of freedom but restricted to positive values, and it has been recommended for
use as the default prior for scale parameters within the literature (Gelman 2006; Polson
& Scott 2012). The distribution is unbounded, unlike the uniform prior, and so does not
lead to issues with boundary effects. These differences are tested to determine whether
the half-Cauchy is an appropriate replacement for the uniform distribution used on these
hyperpriors (equations 12 and 14) alongside the adaptive and random walk changes.
Equations 15 and 16 show these two hyperprior options illustrated here for ui:
Half-uniform:

𝜎𝑢 ~ Uniform(0, 5)

(15)

Half-Cauchy:

𝜎𝑢 ~ |Student-t on 1 degree of freedom|

(16)

An inverse gamma prior on the variance was also tested, however, estimates frequently
failed to converge under this option so it has not been included here.
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2.3.6 Model fitting
All models were fitted in a Bayesian mode of inference using JAGS (Plummer 2009)
through R (version 3.1.2, R Core Team 2014) using the package R2jags (Su & Yajima
2015). JAGS code for every model can be found in Appendix 2.1.
Each model was fitted for six example species for 50,000 MCMC iterations for three
Markov chains with a thinning rate of three. Initial values are set to start the MCMC
chains: initial values for z were 1 or 0 depending on whether the species has ever been
detected at a site within a year. All other parameter initial values were drawn from a
uniform distribution with limits of -2 and 2. These standard settings are not changed
within the tests carried out here and are used for each of the alternative model
formulations. As the early values of the chain can be highly dependent on these initial
values, the first 25,000 iterations are discarded as ‘burn-in’.
Convergence of occurrence estimates was determined using the Gelman-Rubin statistic
(Rhat) which compares within-chain variance to between-chain variance (Gelman &
Rubin 1992). Convergence was deemed to be acceptable when the Rhat value was below
1.1 (Kéry & Schaub 2012).

2.3.7 The data
2.3.7.1 Species occurrence records
Ant data were supplied by the Bees, Wasps and Ants Recording Society (BWARS). This
represents one of the many sources of occurrence records available within the UK that
are collected opportunistically by volunteer led recording schemes (Pocock et al. 2015).
The ants have relatively few records per species per year (Isaac & Pocock 2015) and the
overall recording intensity (as measured by the distribution of repeat visits across sites)
is close to the “low intensity” scenario simulated by Isaac et al (2014). This made it an
ideal taxonomic group for testing how the different model variants would fare for species
with few records. Six ant species were selected from the 57 represented within the
dataset to demonstrate a variety of data availability per species and varying coverage at
a country level. Figure 2.2 shows sites where the species were recorded at least once for
the period 1970 to 2013. Records of species within the ant dataset ranged from 2 to
2029 records for the time period assessed, with a median of 107 records over this period.

2013) are shown above each map.

resolution but occupancy was modelled at a scale of 1 x 1 km. Species name and the total number of records (1970 –

Figure 2.2: Distribution maps for six example ant species from the BWARS dataset. The map is plotted at 10 x 10 km
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2.3.7.2 Ant data preparation
Species records had to meet a number of precision criteria before analysis: only records
from 1970 onwards were used, the date of the record had to be known and the location
had to be recorded at 1x1km precision or better. Data for all species of ant were used:
detections of the six focal species were taken directly from the records; non-detections
were inferred from the detection of other ant species during visits where the focal
species was not recorded. This enabled the generation of detection histories allowing
the use of the occupancy models with what would otherwise be presence-only data (Kéry
et al. 2010b). In order to control for uneven sampling of sites in space and time, sites are
filtered based on the number of years with data. Previous studies have used a threshold
of three years of data per site (Isaac et al. 2015; Powney et al. 2015). However, Kamp et
al. (2016), in an analysis using Danish bird data, reported that precision was lower when
filtering on three years compared with unfiltered data. Therefore, a threshold of two
years was set thus maximizing the signal in the data whilst excluding sites that contain
no information on change.
The final ant dataset consisted of 32,422 records from 18,649 visits to 8,256 unique 1km
grid cells, covering 57 species over 44 years (1970-2013, Table 2.1). Each of the three
model variants were fitted, plus those with the alternative hyperprior, for each of the six
test species to explore the issues identified above; namely year-to-year fluctuations, the
precision of estimates and the presence of boundary effects.

2.3.8 Simulations experiment
Recording data were simulated with a known decline to test the three model variants’
capacity to estimate known trends. Datasets were generated using the procedure
employed by Isaac et al. (2014) using their code with minor changes described below.
To ensure that this experiment provided information on how these models might
perform in practical situations where the data generating mechanism is unknown, the
trends used in generating the datasets do not correspond directly to any of the models
being tested.
First, a species occurrence matrix (the ‘true’ occurrence state at each site) was generated
for 25 species (one focal species and 24 non-focal species) across 1000 sites. Species
were randomly distributed across sites by sampling 1000 times from a binomial
distribution with a species-specific probability of being occupied. The occupancy
probability for the focal species in the first year was set to 0.2 (compared with 0.5 in

Chapter 2

| 51

Isaac et al. 2014); probabilities for non-focal species were drawn from a beta distribution
with shape parameters of 2 and 2. Within the simulation of these datasets, the focal
species was subjected to a set percentage change in probability of occurrence across the
40-year period: declines were simulated rather than increases since applications of such
models tend to focus on conservation status for which declines are the primary cause for
concern. Declines of 10, 30 and 50% were set.
The occurrence matrix was then subjected to the “control” recording scenario of Isaac et
al. (2014) to generate a dataset representative of species observations. This scenario
represents random sampling by a team of virtual observers visiting a certain number of
sites each year. The number of visits in a year to each site ranges from 0 to 10, with the
probability of receiving n visits given by α.n -2 for 1 < n < 10, so that α is the probability
of a site receiving a single visit and the probability of a site not being visited is 1 −
-2
𝛼 ∑10
𝑛=1 𝑛 . Levels of α were set to 0.05 and 0.07 to represent low and medium recording

intensities (Isaac et al. estimated α=0.042 for ants and α=0.07 for dragonflies). After
determining the number of sites to be visited in a year, the identities of these sites were
selected at random. Visits were then distributed among sites according to the site
species richness so that those sites with the most species would receive a greater number
of visits. This is representative of real datasets where visits tend to be clustered in
biodiverse sites. Each species had a fixed detection probability. That of the focal species
was set to 0.2 (compared with 0.5 in Isaac et al. (2014)), those for the non-focal species
ranged from 0.16 to 0.88 (for detail on how these values were obtained see Isaac et al.,
2014). 500 datasets were simulated for each scenario: the two recording intensities (low
or medium) and for each level of decline of the focal species (10, 30 or 50%). These
parameters were chosen in order that the total number of records and the number of
records of the focal species are both comparable with the ant example data (Table 2.1).
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Table 2.1: Information on the size of datasets within this study. For the medium and low
recording intensity datasets values are means from across the 1500 simulated datasets
generated for that recording scenario (500 for each level of change). “Per species” values
are calculated across all species in the dataset. “Focal species” refers to the species that
were modelled: for the ants these are the six example species.
Dataset

Total
records

Number
of
species

Median
number of
records
per
species

Mean
number of
records
per
species

Maximum
records of
focal
species

Minimum
records
of focal
species

Years
of data

Ant
dataset

32,422

57

107

352

523

49

Medium
Recording
Intensity

49,000

25

275

275

405

174

40

Low
Recording
Intensity

35,000

25

196

196

298

113

40

44

To each of the simulated datasets (500 for each recording intensity and decline
combination), each of the three model options were fitted: the base, the adaptive
stationary and the random walk models. The control recording scenario protocol used
in the simulations produced datasets in which the records are distributed more evenly
among sites, years and visits than in the ants, so models were run for just 20,000 MCMC
iterations with the first 10,000 discarded as burn-in. The estimated trend across the 40year period was calculated from the posterior distribution as the mean difference in
estimated occupancy between the first and last year, expressed as a proportion of the
first year’s occupancy; the precision of this estimate was assessed using 95% credible
intervals obtained from the MCMC samples.
To test the performance of the three models in detecting trends in species occurrence,
the estimated trend was compared to the proportional change that was used to generate
the focal species data (i.e. a proportional decline of either 0.1, 0.3 or 0.5).
Precision of the trend estimates was assessed via the coverage and mean width of the
credible intervals of the trend estimates. The coverage was calculated as the proportion
of simulated datasets where the true decline falls within the 95% credible intervals of
the estimated decline: if the intervals are accurate, the coverage should be around 0.95.
The width of the credible interval was calculated for each dataset as the difference
between the upper and lower limits of the credible interval, and a mean taken over the
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500 datasets. This measure demonstrates how wide the credible intervals are on
average, with smaller values indicating narrower intervals i.e. greater precision. An ideal
model will yield narrow intervals with a coverage of around 0.95.
Values of these and additional performance measures can be found in Appendices 2.2 &
2.3.

2.4 Results
2.4.1 Occupancy estimates of six ant species
The two major issues with estimates from the base model, as illustrated by the Lasius
flavus example in Figure 2.1, are excessive year-to-year fluctuations and high uncertainty
of estimates, particularly at the start and end of the time series. The two alternative
model variants are improved in these respects. Firstly, interannual variation is reduced
in both variants, but especially the random walk model (Figure 2.3). Secondly, by sharing
information across years, the alternative models are able to estimate occurrence with
much greater precision. This is particularly evident in years at the start and end of the
time period. Estimates from the adaptive stationary model are shrunk towards an
overall mean, reducing interannual fluctuations. The random walk model, on the other
hand, shares information between neighbouring years resulting in greater precision and
smoothed estimates. As a result, trends that were highly uncertain in the base model are
more clearly expressed. There are also fewer instances of non-convergence of estimates
with the adaptive stationary model and random walk variants than with the base model.
Improvements are also evident for the rare and small ranged species, Formica picea and
F. aquilonia, where both alternative variants are confident that the species are rare in the
early years, unlike the base model where the very wide credible intervals show high
levels of uncertainty. Sharing information among years, particularly in the random walk
formulation, allows occupancy to be estimated with precision even when there are few
records.

time. Species are ordered by number of records, from highest to lowest.

(not converged) in red. 95% credible intervals are shown in grey. Species detections are plotted along the top of the plots to show data levels over

for six species of ant. Point estimates are coloured according to their Rhat value: estimates with a Rhat below 1.1 (converged) in blue and above 1.1

Figure 2.3: Plots of species occurrence estimates over time after 50,000 iterations comparing variations of priors on the year effect of the state model
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2.4.2 Effect of hyperprior choice
The boundary effect problem is clearly evident for the results using the half-uniform
hyperprior within the mean estimates of the 𝜏𝑢 parameter (Table 2.2). When this
hyperprior is used, the parameter estimate cannot be less than 0.04. Some of the species
analysed yield posterior estimates very close to this boundary (see Table 2.2). This
problem disappears when the half-Cauchy hyperprior is used: in most cases when the
posterior mean was close to 0.04 under the uniform hyperprior, the half-Cauchy choice
yields values that are considerably smaller.
Table 2.2: Mean estimate of the precision parameter 𝝉𝒖 for each of the six example ant
species. The minimum value of this parameter under the half-uniform option is 0.04.
Estimates with boundary effects evident are shown in bold.
Species
Model

Mean estimate of 𝝉𝒖
AS

AS+hC

RW

RW+hC

Leptothorax acervorum

0.049

0.010

0.049

0.014

Lasius fuliginosus

0.081

0.070

0.067

0.067

Formica lemani

0.042

0.010

0.042

0.004

Lasius brunneus

0.053

0.015

0.050

0.035

Formica aquilonia

0.043

0.016

0.043

0.007

Formica picea

0.046

0.035

0.045

0.012

Despite this problem, there were no obvious differences between the mean posterior
occupancy estimates produced from the set of models tested when using either the
uniform or half-Cauchy hyperpriors (Figure 2.4). This suggests that the choice of
hyperprior does not have an appreciable influence on the posterior distributions of
interest, however some differences in convergence were observed under the adaptive
stationary model.

Figure 2.4: Plots of species occurrence estimates over time after 50,000 iterations comparing variations of hyperpriors on the
standard deviation parameters of the model for six species of ant. Point estimates are coloured according to their Rhat value:
estimates with a Rhat below 1.1 (converged) in blue and above 1.1 (not converged) in red. 95% credible intervals are shown in
grey. Species detections are plotted along the top of the plots to show data levels over time. Species are ordered by number of
records, from highest to lowest. +hC denotes those outputs using the half-Cauchy hyperpriors.
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2.4.3 Precision and bias of trend estimates from simulated data
In reporting the results of the simulation experiments, I focus on those for which halfCauchy hyperpriors were used. This is due to their avoidance of boundary effects as
discussed earlier. Simulations using half-uniform hyperpriors have also been carried
out; the results are presented in Appendix 2.3.
Figure 2.5 shows the distribution of the 500 trend estimates from each model, for each
combination of recording intensity and change scenario. The base model has very low
precision, shown by the extremely wide spread of the distribution across the range of
possible values. So, individual trend estimates have the potential to be highly under- and
over-estimated. The adaptive stationary model produced trend estimates that are the
most precise, being concentrated in a small area of the possible outcomes. However, they
also show the greatest level of bias, with the distribution of estimates being furthest from
the true trend. The random walk model has reduced bias compared to the adaptive
stationary and base models and has a greater precision than the base model (Figure 2.5
and Table S2.1). Although it has a tendency to underestimate change, shown by the
distribution being on the more positive side of the true value (dashed line in Figure 2.5),
the random walk model performs better than each of the other model variants.
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Figure 2.5: The distribution of 500 trend estimates produced under each model
formulation for each recording intensity and change scenario. The trend was calculated as
the mean proportional change between the first and last year occupancy posterior
distributions (uncertainty is not accounted for in this figure). The true trend is indicated
by the blue dashed line; the solid blue line corresponds to zero change. Note that estimates
from the base model are truncated on the x-axis.
The adaptive stationary model shows the lowest coverage, with values as low as 0.45
(Figure 2.6 and Table S2.2). This shows that this model often produces estimates where
the 95% credible intervals do not encapsulate the true trend. This is not surprising given
that the prior of this model corresponds to an absence of trend. The base model shows
good coverage, however the credible intervals are extremely wide (Figure 2.6),
especially for the low recording intensity. The random walk model performs well on
both metrics. It provides precise estimates as shown by the small width of the credible
intervals, and coverage is mostly greater than the nominal 0.95 (ranging between 0.916
and 0.998, Table S2.2).
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Figure 2.6: Results of the simulation study of 500 datasets for each scenario (recording
intensity and decline combination). BM = base model, AS = adaptive stationary model,
RW = random walk model. Left: Coverage: the proportion of simulations where the true
decline is within the credible intervals of the estimated decline. Dashed lines show the
nominal level of 0.95. Right: Width: the width of the credible intervals.

2.5 Discussion
As the deadline for the 2020 Aichi targets draws near, it is important that measures of
biodiversity change are as representative as possible. Current measures of species status
are biased towards certain taxa including birds, mammals and butterflies (Collen et al.
2009; Gregory & van Strien 2010; Brereton et al. 2010) due to the limited availability of
abundance data. Attempts to broaden coverage using occurrence records have enabled
the inclusion of other taxa into biodiversity indicators (Outhwaite et al. 2015; van Strien
et al. 2016), however, these studies are still limited to well recorded groups. This study
has explored how improvements in modelling methodology can expand the range of taxa
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for which biodiversity metrics can be obtained, thereby better exploiting the wealth of
occurrence records available, increasing the representativeness of the metrics
themselves.
Occurrence records offer the opportunity to broaden understanding of biodiversity
change across taxonomic groups if analysed using appropriate statistical methods. The
models of British ants show that it is possible to improve the precision of occurrence
estimates gained from low recording intensity data if an appropriate model is used. It
has been shown how weakly informative priors make it possible to extract useable trend
estimates from these methods where the data were previously thought to be limiting. In
well-studied countries of Western Europe, this means that multi-species indicators (e.g.
Outhwaite et al., 2015 and van Strien et al., 2016) can be extended taxonomically to
include a broad sweep of invertebrate and plant species. Furthermore, the use of
occurrence records could also be used for well-studied taxa such as dragonflies or
butterflies to produce indicators that have a much greater spatial coverage than is
currently possible.
Here, several drawbacks in the base model have been identified and alternative model
variants proposed that aim to overcome these drawbacks. The first variant, leading to
the adaptive stationary model, does not perform well because the model is not able to
track genuine trends on the basis of sparse data. This is best visualised by Leptothorax
acervorum, where the U-shaped trend is hidden when using the adaptive stationary
model; and from the simulation results where trend estimates are strongly biased
towards zero. The random walk model, on the other hand, performed well across all
criteria with improvements in terms of reduced fluctuations, increased precision and
reduced bias of trend estimates despite the fact that, as is the case in reality where the
true trends are unknown, the structure of the model does not correspond directly to the
true trends in the simulation experiment. Of the three model variants considered here
therefore, the random walk seems preferable when analysing occurrence records with a
low recording intensity. In the scenarios considered, the model leads to slightly
conservative point estimates of changes in occupancy but provides realistic estimates of
uncertainty, in the sense that 95% credible intervals do indeed include the true change
in around 95% of cases.
Despite the apparent advantages of the random walk model compared with the others
considered here, it should not be used uncritically: in any Bayesian analysis, the
implications of prior choices need to be understood. Thus, although the aim was to
develop a modelling framework with the flexibility to adapt to a wide range of species,
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some species dynamics may be harder to capture than others. For example, for species
consisting mostly of annual immigrants (e.g. the painted lady Vanessa cardui), occupancy
may genuinely fluctuate from year to year: the random walk prior is not specifically
designed to represent this behaviour, although it could be approximated by setting a high
value for the inter-year variance 𝜎𝑏2 in equation 13 and, as with any Bayesian analysis,
the results will become progressively less dependent on the prior with increasing data
availability. When analysing individual species or species groups therefore, if data are
likely to be very sparse then it is advisable to consider the known dynamics of the species
when deciding on the appropriateness of a given prior specification. Nevertheless, when
producing large, multi-species analyses such as for biodiversity indicators, as was the
aim for this thesis, a broad approach that works for the majority of species is expedient.
A further caveat relates to the claim that the random walk model leads to increased
precision of trend estimates. This is evident for the rare ant species F. picea and F.
aquilonia (Figure 2.3) where the model is highly certain that the species are rare across
the time period assessed, including at the start of the time period where data are sparse.
This high precision is inferred by the model due to the underlying assumption that yearon-year changes in the log odds for occupancy have a constant variance: this essentially
mimics the smoothness of a dynamic occupancy model (van Strien et al. 2013) but with
fewer parameters. However, if the inter-year dynamics were to change substantially
during periods of sparse data, then the random walk model could not detect this and
would therefore produce incorrect assessments of the precision of its occupancy
estimates.
The use of random walk priors also has implications for the shape of the distribution for
the probability (rather than the log odds) of occupancy, particularly for the initial value
in the series. This issue is rather subtle: details, and an exploration of the consequences,
are provided in Appendix 2.4. Investigations suggest that when data are sparse, trend
estimates may be sensitive to the precise choice of prior for b1 (see equation 13); but also
that the associated uncertainties tend to be high. To avoid misinterpreting the results of
any analysis therefore, uncertainties should always be considered alongside any trend
estimates. When data are sparser than for the ant examples considered here, it is
possible that both the trend estimates and their uncertainties may be sensitive to prior
choices: if this is a concern, the sensitivity should be explored as described in Appendix
2.4.
Another improvement established during this study is the introduction of half-Cauchy
hyperpriors to remove boundary effects caused by the use of half-uniform hyperpriors
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in the base model. The fact that these effects were shown to be present in four of the six
example species shows how common a problem this can be. Investigations suggest that
this change in hyperprior formulation makes little difference to occurrence estimates or
simulation results, but as a point of principle the half-Cauchy distribution is preferable.
Further improvements could be gained by extending this data sharing approach to the
sites as well as the years. This would have potential in improving the precision of
estimates even further by sharing information between sites through the use of spatial
as well as temporal priors. The downside of this approach would be the additional
computational burden: given the vast improvements that have already been
demonstrated by changing the year effect prior, this additional burden was not deemed
to be worthwhile. Additionally, the inclusion of Julian date into the detection model to
describe differences in species detectability throughout the year has been applied
elsewhere (van Strien et al. 2010, 2013). This was tested in the early stages of model
development: however, no positive influence was observed, so the idea was not pursued
further.
The improvements detailed in this work focus on the issue of data sparseness when
analysing occurrence records. There are further difficulties in assessing species trends
using this form of data, which have not been addressed here. Common issues include
sensitivity to false positive detections, lack of representativeness of sites surveyed and
variation in species detectability between sites. It is possible that low recording intensity
data are more susceptible to these problems, which should be considered in future
analyses. However, it has been shown that the alteration of the prior on the year effect
of the state model from an independent parameter to a random walk process can greatly
improve the estimates of occurrence that can be derived from low-intensity occurrence
records. This opens the door for large-scale analyses for taxonomic groups that have
historically been under-represented in multispecies status studies such as biodiversity
indicators.

Chapter 2

| 63

Appendix 2.1: JAGS model code
Note that itv as written in the equations of the main text denotes a specific visit, v, to site
i in year t. In the model code below the shorthand j is used in its place to denote the jth
visit in a dataset. Indexes for the site and year of each visit are then supplied as data.
Objects in these models:
DATA
====
nyear
nsite
nvisit
y[j]
logL[j]
Site[j]
Year[j]

Number of years in dataset
Number of sites in dataset
Number of visits in dataset
Detection status for the jth visit in the dataset
Logarithm of list length for jth visit in dataset
Site associated with the jth visit in the dataset
Year associated with the jth visit in the dataset

UNKNOWNS (i.e. quantities for which initial values are needed)
==========
z[i,t]
True occupancy status for site i in year t (binary).
b[t]
Year effect in occupancy model.
u[i]
Site effect in occupancy model.
a[Year[j]]
Year effect in detection model for year associated with visit j.
c
Coefficient of logL in detection model, sampling effort effect.
OTHER QUANTITIES (internal use only)
================
psi[i,t]
Defined as P(z[i,t]=1).
Py[j]
Defined as P(y[j]=1).
p[j]
P(y[j]=1|z[i]=1).
tau.*
Precision in prior for parameter *.
sd.*
Prior standard deviation for parameter *.
DERIVED PARAMETERS
==================
psi.fs
Proportion of occupied sites - model output
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1. THE BASE MODEL:
model{
### Priors ###
# State model priors
for(t in 1:nyear){
b[t] ~ dunif(-10,10)
}
for (i in 1:nsite) {
u[i] ~ dnorm(0, tau.u)
}
tau.u <- 1/(sd.u * sd.u)
sd.u ~ dunif(0, 5)
# Observation model priors
for (t in 1:nyear) {
a[t] ~ dnorm(mu.a, tau.a)
}

# fixed year effect

# random site effect

# half-uniform hyperpriors

# random year effect

mu.a ~ dnorm(0, 0.01)
tau.a <- 1 / (sd.a * sd.a)
sd.a ~ dunif(0, 5)

# half-uniform hyperpriors

c ~ dunif(-10, 10)

# sampling effort effect

### Model ###
# State model
for (i in 1:nsite){
for (t in 1:nyear){
z[i,t] ~ dbern(psi[i,t])
logit(psi[i,t])<- b[t] + u[i]
}}
# Observation model
for(j in 1:nvisit) {
y[j] ~ dbern(Py[j])
Py[j]<- z[Site[j],Year[j]]*p[j]
logit(p[j]) <- a[Year[j]] + c*logL[j]
}
### Derived parameters ###
# Finite sample occupancy - proportion of occupied sites
for (t in 1:nyear) {
psi.fs[t] <- sum(z[1:nsite,t])/nsite
}
}
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2. THE ADAPTIVE STATIONARY MODEL:
model{
### Priors ###
# State model priors
for(t in 1:nyear){
b[t] ~ dnorm(mu.b, tau.b)
}

# random year effect

mu.b ~ dnorm(0, 0.01)
tau.b <- 1/(sd.b * sd.b)
sd.b ~ dunif(0, 5)
#sd.b ~ dt(0, 1, 1)T(0,)

# half-uniform hyperpriors
# half-Cauchy hyperpriors (replace half-uniform above)

for (i in 1:nsite) {
u[i] ~ dnorm(0, tau.u) # random site effect
}
tau.u <- 1/(sd.u * sd.u)
sd.u ~ dunif(0, 5)
#sd.u ~ dt(0, 1, 1)T(0,)
# Observation model priors
for (t in 1:nyear) {
a[t] ~ dnorm(mu.a, tau.a)
}

# half-uniform hyperpriors
# half-Cauchy hyperpriors (replace half-uniform above)

# random year effect

mu.a ~ dnorm(0, 0.01)
tau.a <- 1 / (sd.a * sd.a)
sd.a ~ dunif(0, 5)
#sd.a ~ dt(0, 1, 1)T(0,)

# half-uniform hyperpriors
# half-Cauchy hyperpriors (replace half-uniform above)

c ~ dunif(-10, 10)

# sampling effort effect

### Model ###
# State model
for (i in 1:nsite){
for (t in 1:nyear){
z[i,t] ~ dbern(psi[i,t])
logit(psi[i,t])<- b[t] + u[i]
}}
# Observation model
for(j in 1:nvisit) {
y[j] ~ dbern(Py[j])
Py[j]<- z[Site[j],Year[j]]*p[j]
logit(p[j]) <- a[Year[j]] + c*logL[j]
}
### Derived parameters ###
# Finite sample occupancy - proportion of occupied sites
for (t in 1:nyear) {
psi.fs[t] <- sum(z[1:nsite,t])/nsite
}
}
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3. THE RANDOM WALK MODEL:
model{
### Priors ###
# State model priors
b[1] ~ dnorm(mu.b, 0.0001)
for(t in 2:nyear){
b[t] ~ dnorm(b[t-1], tau.b)
}
mu.b ~ dnorm(0, 0.01)
tau.b <- 1/(sd.b * sd.b)
sd.b ~ dunif(0, 5)
#sd.b ~ dt(0, 1, 1)T(0,)
for (i in 1:nsite) {
u[i] ~ dnorm(0, tau.u)
}

# random walk prior on year effect

# half-uniform hyperpriors
# half-Cauchy hyperpriors (replace half-uniform above)
# random site effect

tau.u <- 1/(sd.u * sd.u)
sd.u ~ dunif(0, 5)
#sd.u ~ dt(0, 1, 1)T(0,)
# Observation model priors
for (t in 1:nyear) {
a[t] ~ dnorm(mu.a, tau.a)
}

# half-uniform hyperpriors
# half-Cauchy hyperpriors (replace half-uniform above)

# random year effect

mu.a ~ dnorm(0, 0.01)
tau.a <- 1 / (sd.a * sd.a)
sd.a ~ dunif(0, 5)
#sd.a ~ dt(0, 1, 1)T(0,)
c ~ dunif(-10, 10)

# half-uniform hyperpriors
# half-Cauchy hyperpriors (replace half-uniform above)
# sampling effort effect

### Model ###
# State model
for (i in 1:nsite){
for (t in 1:nyear){
z[i,t] ~ dbern(psi[i,t])
logit(psi[i,t])<- b[t] + u[i]
}}
# Observation model
for(j in 1:nvisit) {
y[j] ~ dbern(Py[j])
Py[j]<- z[Site[j],Year[j]]*p[j]
logit(p[j]) <- a[Year[j]] + c*logL[j]
}
### Derived parameters ###
# Finite sample occupancy - proportion of occupied sites
for (t in 1:nyear) {
psi.fs[t] <- sum(z[1:nsite,t])/nsite
}
}
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Appendix 2.2: Additional results of the simulations experiment
Additional simulations results for the Base model and the Half-Cauchy form of
the adaptive stationary and random walk models.
Additional performance measures were produced to assess the models tested. Mean bias
of the trend estimates was calculated by taking the mean difference between the
estimated and true trend across the 500 replicates.

Negative values denote a

conservative (or underestimated) estimate of trend. For example, the bias value for an
estimated trend of -0.4 (40% decline) where the true value should be -0.5 (50% decline)
would be -0.1 or an underestimation of 10%. The most positive and most negative bias
values were also calculated: these were the maximum and minimum bias values from the
500 replicates. These represent how much a model could over- or underestimate a
species trend. Positive values indicate an estimated decline greater than the true decline.

values.

the 95% credible intervals of the estimated decline. Width: the width of the credible intervals. SE of mean width: standard error of mean width

BM = base model, AS= adaptive stationary model, RW = random walk model. Coverage: the proportion of events where the true decline is within

Table S2.2: Precision measures - Results of the simulation study of 500 datasets for each scenario (recording intensity and decline combination).

seen for each combination.

the estimated decline. SE of mean bias: standard error of mean bias values. Positive and negative bias: the maximum and minimum bias levels

BM = base model, AS = adaptive stationary model, RW = random walk model. Mean bias: the mean difference between the true decline and

Table S2.1: Bias measures - Results of the simulation study of 500 datasets for each scenario (recording intensity and decline combination).
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Appendix 2.3: Results from the simulation experiment using the halfuniform hyperprior formulation

Figure S2.1: The distribution of 500 trend estimates produced under each model
formulation for each recording intensity and change scenario. The trend was calculated
as the mean proportional change between the first and last year occupancy posterior
distributions, uncertainty is not accounted for in this figure. The true, simulated trend is
shown via the blue dashed line and no change is shown by the solid blue line. Note that
estimates from the base model are truncated on the axis used.
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Figure S2.2: Results of the simulation study of 500 datasets for each scenario (recording
intensity and decline combination). BM = base model, AS = adaptive stationary model,
RW = random walk model. Left panel: Coverage: the proportion of events where the true
decline is within the credible intervals of the estimated decline. Dashed lines show the
nominal level of 0.95. Right panel: Width: the width of the credible intervals.

width.

the credible intervals of the estimated decline. Width: the width of the credible intervals.

SE of mean width: standard errors of the mean

BM = base model, AS= adaptive stationary model, RW = random walk model. Coverage: the proportion of events where the true decline is within

Table S2.4: Precision measures - Results of the simulation study of 500 datasets for each scenario (recording intensity and decline combination).

seen for each combination.

estimated decline. SE of mean bias: standard error of mean bias values. Positive and negative bias: the maximum and minimum bias levels

BM = base model, AS = adaptive stationary model, RW = random walk model. Mean bias: the mean difference between the true decline and the

Table S2.3: Bias measures - Results of the simulation study of 500 datasets for each scenario (recording intensity and decline combination).
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Appendix 2.4: Implications of prior choices for year effects in the
state model
In both the base and random walk models, a widely dispersed prior is adopted for the
year effects (bt). Often in Bayesian analyses, such priors are considered to be
uninformative, in the sense that they allow a wide range of possible parameter values a
priori. This is not obviously the case in the present context however, where it is natural
to consider that an ‘uninformative’ prior should lead to a uniform distribution for
occupancy probabilities. To demonstrate the issues involved, consider a simplified
version of the state model with site effects omitted so that equation (2) of the main text
is replaced with:
𝜓𝑖𝑡
)
1−𝜓𝑖𝑡

Logit(𝜓𝑖𝑡 ) = log (

= 𝑏𝑡 .

(1)

Rearranging this equation, the corresponding occupancy probability 𝜓𝑖𝑡 can be written
as:
𝜓𝑖𝑡 = [1 + exp(−𝑏𝑡 )]−1 .

(2)

In the base model, the prior on bt is uniform between -10 and 10 (see equation (5)); the
corresponding probability density function is shown in Figure S2.3(a). With this prior
and under the relationship (2), 𝜓𝑖𝑡 takes values between [1 + exp(10)]−1 = 0.000045
and [1 + exp(−10)]−1 = 0.999955: for values in this range, an application of the
transformation of variables formula (Rice, 1995, p.60) shows that the probability density
function (pdf) for the implied prior on 𝜓𝑖𝑡 is 𝜋(𝜓) = 1/20𝜓(1 − 𝜓) which, as shown in
Figure S2.3(b), is U-shaped rather than uniform. Under this prior specification therefore,
occupancy in any year seems to be either almost certain or almost impossible: this does
not appear to be “uninformative”. In fact, to obtain a uniform prior distribution for 𝜓𝑖𝑡 ,
the prior for bt must have density 𝜋(𝑏) = exp(−𝑏)/[1 + exp(−𝑏)]2 . This density is
shown in Figure S2.3(c), with the associated uniform prior for 𝜓𝑖𝑡 in Figure S2.3(d).

Chapter 2

| 73

Figure S2.3: Priors for year effects in the simplified state model given by equation (1), on
the log odds scale (panels (a) and (c)) and on the probability scale (panels (b) and (d)).
Panel (a) shows the uniform (-10, 10) prior for the log odds bt adopted in the base model;
panel (b) shows the corresponding prior for the occupancy probability 𝝍𝒊𝒕 . Panel (c) shows
the prior for bt that is required to ensure a uniform prior (shown in panel (d)) for 𝝍𝒊𝒕 .
For the random walk model, the prior on the year effects (bt) is given by equation (13) in
the main text. Here, the prior for b1 is normal with mean zero and variance 104, and
priors

for

successive

time

points

are

determined

via

the

relationship

𝑏𝑡 ~ Normal(𝑏𝑡−1 , 𝜎𝑏2 ). The prior for b1 is thus widely dispersed: as with the Uniform(10,10) prior in the base model, this leads to a strongly U-shaped prior on the occupancy
scale. Again, this seems far from “uninformative”: it may therefore be tempting to adopt
a different prior specification for b1. Indeed, for the Bayesian analysis of simple logistic
models, it is sometimes recommended to adopt a normal prior with mean zero and
variance 2.71 on the log odds scale (Lunn et al., 2012, Section 5.2.5): this choice can be
regarded as an approximation to the distribution shown in Figure S2.3(c), and leads to
an approximately uniform prior on the probability scale.
In the present context however, another consideration is that in the absence of any data
or genuine prior knowledge, occupancy probabilities at different time points should have
the same prior distribution. But, if bt follows a random walk with Var(𝑏𝑡 − 𝑏𝑡−1 ) = 𝜎𝑏2 as
in equation (13) then, for t>1, the variance of bt is equal to Var(𝑏1 ) + (𝑡 − 1)𝜎𝑏2 : this can
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be shown using an argument similar to that given in Chandler and Scott 2011, Section
5.2. In general therefore, the variance (and hence the distribution) of bt depends on t. In
fact, the only possibilities for the prior distribution to be the same at each time point are
if 𝜎𝑏2 = 0 (which is unrealistic, because it implies that occupancy probabilities do not
change from one year to the next) or if Var(𝑏1 ) is infinite. By setting Var(𝑏1 ) = 104 in
equation (13), the intention is to choose a value that is so large as to be effectively infinite,
thus ensuring that the priors for each individual occupancy probability are, for all
practical purposes, equal. In this case however, the priors on the occupancy scale are Ushaped. This is illustrated in the top left panel of Figure S2.4 which shows, for the
simplified model at equation (1), fifty 50-year time series of occupancy probabilities
sampled from the random walk prior at equation (13): each series has a different value
of 𝜎𝑏2 , sampled from the recommended half-Cauchy hyperprior. Most of the sampled
series are not visible on the plot because their values are so close to either zero or one.
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Figure S2.4: Simulated 50-year time series of occupancy probabilities from model (1),
using random walk priors for the year effects (bt). Each panel shows fifty simulated series,
each with a different value of 𝝈𝟐𝒃 sampled from a half-Cauchy hyperprior. Top left: samples
generated using the specification given at equation (13) of the main text. Top right: using
the same specification, but updated with information that b1 is between -10 and +10.
Bottom left: series generated with a uniform prior for the initial occupancy probability
rather than a dispersed normal prior for b1. Bottom right: series generated using a variant
on equation (13) with the variance of b1 set to 100 rather than 10000.

The discussion above shows that with the random walk model considered here, it is not
possible to specify a prior distribution for occupancy probabilities that is uniform at all
time points. Superficially, the implied U-shape of the random walk prior on the
occupancy scale seems unintuitive and this may give rise to concerns that this prior may
exert an undue influence on the results. Certainly, if no data are available then few
people would accept the top left-hand plot of Figure S2.4 as a realistic representation of
their a priori judgements as to the behaviour of occupancy time series: it is not
immediately obvious, therefore, how this prior can be considered “weakly informative”
as claimed. As a crude way to investigate this, suppose that data were available providing
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information that at the first time point, the occupancy probability definitely lies in the
range (0.000045,0.999955) so that the corresponding logit b1 is between -10 and +10
(see the calculations at the start of this appendix). In this case, sampling from the
posterior distribution could be achieved by sampling from the prior and then discarding
any realisations for which b1 lies outside this range. The top right panel of Figure S2.4
shows fifty realisations sampled in this way. The effect of the U-shaped prior is still
visible (some of the realisations remain close to zero and one), but a far greater range of
behaviours can now be seen. This demonstrates that the chosen random walk prior is
able to adapt quickly to what, in this artificial example, is a very small amount of
information. For comparison, the bottom left panel of Figure S2.4 shows fifty realisations
corresponding to a random walk prior in which the initial occupancy probability is
sampled from a uniform distribution; and the final panel shows fifty realisations in which
the initial variance in equation (13) is reduced from 104 to 102. Qualitatively, the bottom
two panels exhibit similar behaviour that is not very different from that in the top righthand panel. Notice in particular that some of the generated series are very smooth
whereas others are erratic: this is a consequence of the hyperprior for 𝜎𝑏2 which allows
a range of behaviours (the absence of any smooth traces in the upper right-hand plot is
simply due to the fact that none of the visible traces here has a small value of 𝜎𝑏2 ).
Figure S2.4 provides evidence that the prior specification given at equation (13) is
indeed weakly informative, in the sense that it adapts quickly to a very small amount of
information. However, the bottom left panel also suggests that if a uniform distribution
is adopted for occupancy at the outset, the changes in the prior distributions over the 50year period of simulation are not substantial – some of the traces appear to converge to
zero or one before the end of the simulation period, but the effect is not serious. It may
be, therefore, that the argument leading to the choice of a Normal(0,104) prior for b1 is
less compelling than the argument suggesting that the prior for the {𝜓𝑖𝑡 } should be
uniform. To explore this further, I return to the ant data and refit both the base model
and the random walk model using uniform priors for the {𝜓𝑖1 } (the braces are used here
as a notational reminder that there is a set of coefficients, one for each site). The results
are shown in Figure S2.5. The commentary on these results will focus on those for the
random walk model i.e. the bottom two rows of the figure. The penultimate row shows
the results with the prior specification given by equation (13), and the bottom row shows
the results with the uniform prior for the {𝜓𝑖1 }.
The first point to note from the bottom two rows of Figure S2.5 is that there is very little
difference between the occupancy estimates for any species, or their uncertainties, after
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1980. In earlier years however, the estimated occupancies for all species are higher
under the uniform prior for the {𝜓𝑖1 } than under equation (13). It is clear that under this
prior specification, the estimate of occurrence for the first year is drawn towards the
mean of the prior distribution, which is 0.5: this is particularly evident for species with
no data in the early years such as F. lemani, F. aquilonia and F. picea. Moreover, the
uncertainty intervals for F. lemani and F. aquilonia in particular, although wide, suggest
considerable confidence that the species were much more widespread in 1970 than in
later years. This seems unrealistic given the data available, and suggests that the results
may be dominated by the prior.

year effect of the state model, for both the base and random walk models.

Figure S2.5: Plots of the occupancy estimates for the six ant species with and without the flat prior on the first
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By contrast, using equation (13) as a prior, when data are sparse at the start of the series
the tendency is for the occupancy estimates in Figure S2.5 to be fairly flat: for the rare
species such as F. aquilonia, the results indicate with high precision that occupancy in
the earlier years was low, whereas for the more common species the results have wide
uncertainty bands that become progressively narrower until the data start to become
informative. This seems a more plausible interpretation of the evidence, although for
species such as F. aquilonia it may be coincidental due to the fact that the species itself is
scarce: given the U-shaped prior for occupancy probability under equation (13), if the
prior were to dominate then the posterior would be concentrated around either 0 or 1
regardless of the data. To investigate this, F. lemani is used as an example of a species
that is not especially rare and the analysis rerun using only data from 1980 onwards, for
the random walk model both according to equation (13) and with the uniform prior for
the {𝜓𝑖1 }. The results are shown in Figure S2.6.

Figure S2.6: Plots of occurrence outputs for Formica lemani, with all visits from 1970-1980
removed to observe the influence of the prior on a common species with no data in the early
years. Left panel: using the prior given at equation (13). Right panel: using a uniform prior
for 𝝍𝒊𝟏 .

The results show clearly that the prior specification from equation (13) really is
uninformative as claimed: in the left panel of Figure S2.6, the estimated occupancies for
the early years with no data are similar to those in 1980 where data become available,
but with high uncertainty. In particular, and perhaps unexpectedly, there is no evidence
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here of the U-shaped form of the prior distribution on the occupancy scale. By contrast,
the right panel of Figure S2.6 shows that with a uniform prior on the {𝜓𝑖1 }, the estimated
occupancies for the data-free early years are pulled very strongly towards 0.5 – and with
reduced uncertainty at the first time point. This reduced uncertainty is unexpected and
suggests that in this formulation, the information on the {𝜓𝑖1 } from the prior alone is
greater than the information on, say, the {𝜓𝑖2 } from the prior and the data in combination
(one might ask why, in this case, the 95% credible interval for the initial occupancy does
not run from 0.025 to 0.975: the reason is that the occupancy estimates plotted in the
figure are averages over all sites at which F. lemani has been observed). Use of this prior
would clearly lead to very biased trend estimates, with potentially serious
underestimation of uncertainty.
However, when records of other species are present in the early years, but there are no
records of the focal species, then both priors have an influence on the estimates, Figure
S2.7. In this example, rather than removing all data prior to 1980, only records of
Formica lemani were removed. Both models assume, therefore, that the focal species is
very rare as there are records of other species, but not of the focal species. Using the flat
prior also pulls the first year estimate towards 0.5. This assumed rarity in the early years
could affect the interpretation of the results. It is therefore important to consider when
the first records of a species appear when determining species trends over time.
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Figure S2.7: Plots of occurrence outputs for Formica lemani, with all visits of this species
from 1970-1980 removed to observe the influence of the prior on a common species with
no records in the early years. Left panel: using the prior given at equation (13). Right panel:
using a uniform prior for 𝝍𝒊𝟏 .
This investigation demonstrates the sometimes surprising effects of prior choices in the
Bayesian analysis of occupancy models. The biggest surprise, perhaps, is that what may
seem a natural choice of “uninformative” prior – i.e. a uniform distribution on the
probability scale – is in fact far from uninformative. Conversely, the U-shaped prior
implied by the random walk model appears highly informative at first sight, but in fact is
able to adapt rapidly to small amounts of data and produces intuitively reasonable
results in all of the situations encountered, including situations with no data at the start
of the period of interest (as in Figure S2.6). Of course, it cannot be claimed that this prior
will be suitable for use in all situations and, as demonstrated, data availability in early
years must be considered. If prior choice is a concern in any particular situation
therefore, then I recommend investigating the sensitivity of results to different plausible
choices: if the results are substantively different then some experimentation may be
needed, in order to establish the implications of each. Moreover, if resources permit then
simulation experiments can be used to determine whether a particular choice of prior
does indeed yield plausible results, in situations similar to that under consideration: an
example of such an experiment is provided in the main chapter.
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Annual estimates of occupancy for UK plants,
invertebrates and lichens (1970 – 2015)

This work was conducted in collaboration with my supervisors and colleagues at CEH
including Gary Powney, Tom August, Stephanie Rorke and David Roy. The following
scheme organisers supplied data and advice: Oliver Pescott, Martin Harvey, Helen Roy,
Richard Fox, Kevin Walker, David Roy, Keith Alexander, Stuart Ball, Tristan Bantock,
Tony Barber, Björn Beckmann, Tony Cook, Jim Flanagan, Adrian Fowles, Peter
Hammond, Peter Harvey, David Hepper, Dave Hubble, John Kramer, Paul Lee, Craig
MacAdam, Roger Morris, Adrian Norris, Stephen Palmer, Colin Plant, Janet Simkin, Alan
Stubbs, Peter Sutton, Mark Telfer and Ian Wallace.
This chapter has been submitted to Scientific Data for publication. Results from this
chapter form the basis of analyses presented in Chapters 4 and 5.

Chapter 3

| 83

3.1 Abstract
Here, annual estimates of occupancy and species trends are generated for 6,567 UK
plants, lichens, and invertebrates, providing national scale information on UK
biodiversity change for 32 taxonomic groups for the time period 1970 to 2015. The
dataset was produced through the application of a Bayesian occupancy modelling
framework, based on the random walk model of Chapter 2, to species occurrence records
supplied by 30 national recording schemes or societies (n = 34,458,356 records). In the
UK, annual measures of species status from fine scale data (e.g. 1x1km) had previously
been limited to a few taxa for which structured monitoring data are available, mainly
birds, butterflies, bats and a subset of moth species. By using the random walk
occupancy modelling framework designed for use with relatively low recording intensity
data, it has been possible to estimate species trends and generate annual estimates of
occupancy for taxa where annual trend estimates and status were previously limited or
unknown at this scale. These data broaden knowledge of UK biodiversity and can be
used to investigate variation in and drivers of biodiversity change.

3.2 Introduction
Knowledge on the status and trends of biodiversity is essential for the conservation of
threatened species and for the monitoring of progress towards biodiversity targets
(Tittensor et al. 2014). To date, UK scale analysis of annual biodiversity status has been
restricted to well-studied taxa such as birds (Gregory & van Strien 2010), butterflies
(Brereton et al. 2010), bats (Barlow et al. 2015), Odonata (Powney et al. 2015), some
moths (Fox et al. 2006) and a subset of “priority” species (Eaton et al. 2015). As a result,
there are many taxa for which only coarse-scale measures of change are available. Major
gaps include plants and the majority of invertebrate groups. This underrepresentation
is due to the lack of high quality abundance data, which is the preferred data type for
long-term trend analyses. However, species occurrence records are fine grained data
available for many taxa and offer an alternative data source that can be used for
estimating annual measures of biodiversity change.
Occurrence records are presence-only data documenting observations of species at
known dates and locations. Within the UK, vast amounts of such occurrence records,
known as biological records, are collected by volunteers and collated by recording
schemes and societies and have been used extensively to produce species atlases and
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assess species range shifts (Powney & Isaac 2015). The UK has a rich history of citizen
science-led biological recording, with the number of volunteers and schemes increasing
over time and a growing number of records being collected across the country each year
(Pocock et al. 2015; Roy et al. 2015). These data offer greater taxonomic breadth than
structured abundance data and have rarely been used to detect long-term change (e.g.
Ball et al. 2011; Powney et al. 2013; Stroh et al. 2014; Fox et al. 2014; Pescott et al. 2015).
This limited use is due partly to the unstructured collection process which results in at
least four forms of bias: the uneven detectability of species across space and time, uneven
sampling effort per visit, uneven spatial coverage and uneven recording intensity over
time (Boakes et al. 2010; Isaac & Pocock 2015). These biases present challenges when
estimating temporal change, however, methodological techniques have been developed
that attempt to account for some forms of bias. One technique that has been increasingly
used for the analysis of occurrence records is occupancy modelling (Kéry et al. 2010a;
van Strien et al. 2013, 2016; Eaton et al. 2015; Woodcock et al. 2016).
Occupancy models incorporate the data collection process into the

modelling

framework to account for imperfect detection (MacKenzie et al. 2006; van Strien et al.
2013; Isaac et al. 2014). When compared with other methods developed for the
estimation of trends from occurrence records, occupancy models have been shown to be
the most capable of addressing biases typically associated with this form of data, if the
detection process is appropriately specified (Isaac et al. 2014). However, their use has
been limited to taxa that have a high recording intensity including birds (Kéry et al.
2010b), dragonflies (Powney et al. 2015; van Strien et al. 2016) and butterflies (van
Strien et al. 2013; Fox et al. 2015). In Chapter 2, I extended an existing Bayesian
occupancy modelling framework to increase the precision of occupancy estimates via the
use of a random walk prior on the year effect of the state model (Outhwaite et al. 2018).
This formulation allows information to be shared between years in a natural way and
facilitates the application of such models to datasets of a low recording intensity that
were not previously considered for practical use. So, through the application of a
modelling framework based on the random walk model, a 45-year dataset of annual
occupancy estimates for 6,567 UK plant and invertebrate species has been produced.
This dataset presents a long-term measure of change in species occupancy at a national
(UK and GB) and country scale (England, Scotland, Wales and Northern Ireland) using
fine grained (1x1km) data. This represents new information for the taxa covered by this
study. Here, the outputs of this dataset are presented, as well as examples of how they
can be used. These outputs are also shared via an open access repository (currently
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waiting for link to repository dataset). By providing the outputs of this analysis, I hope to
promote research into UK biodiversity change, particularly for those taxonomic groups
that have received less attention in the context of national scale trends at fine scales. It
is hoped that these data will provide the basis of future aggregate measures of UK
biodiversity change and enable the investigation of variation in, and drivers of, change.

3.3 Methods
The raw data underpinning these models were occurrence records collated from 30 UK
or GB based recording schemes and societies, with additional data from the Biological
Records Centre, Wallingford, and the iRecord database. These data were standardised
to ensure all datasets met the required criteria and had undergone review by experts for
each species group. The standardised data were then organised into detection histories
to enable their use within an occupancy modelling framework. The random walk model
was fitted for each species, providing annual estimates of occupancy for each country of
the UK (henceforth “region”). From these estimates, growth rates of species occupancy
were calculated. The full workflow, from the raw datasets to the occupancy outputs and
species trends, is described in Figure 3.1. The outputs from this study include 1000
samples from the posterior distribution of the annual occupancy estimates for each
region analysed, large-scale trend estimates for each species in the form of annual
growth rates as well as additional metadata, all of which are shared via the Natural
Environment Research Council (NERC), Environment Information Data Centre (EIDC)
repository. The following sections describe each part of the workflow.
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Figure 3.1: The workflow to produce the datasets presented in this study. Major steps
are shown in the blue boxes with the data type generated within the orange boxes.
Associated details are given next to each step. Datasets provided as a part of this study
are shown in bold.
3.3.1 Data collation
Data were collated from recording schemes and societies that support recording
networks, collect, and verify occurrence records on UK species. Thirty schemes granted
the use of their data for this analysis. For some taxonomic groups, mainly where the
number of records provided by the scheme was low, further data were acquired from the
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databases of the Biological Records Centre and from the iRecord system. iRecord is a
website and associated mobile phone application that has been designed to support
recording schemes and societies in the collation, management, quality assurance and
sharing of wildlife observations (www.brc.ac.uk/irecord/). Only records that had been
marked as “accepted” by an iRecord verifier were used (August et al. 2015). Each of these
data sources can be considered to be separate collation routes for the same form of data.
The occurrence records used in this analysis are presence-only records of a species and
consist of a what, when and where: what species was observed, when it was observed
and where it was observed. In most cases, one scheme is associated with one taxonomic
group. In the case of data from the Bees, Wasps and Ants Recording Society, the records
were split into three separate datasets for analysis, one for each taxon, as these groups
are not considered to be recorded as a whole entity by all members of the society. The
data collation step resulted in the generation of 32 “raw” datasets, one for each
taxonomic group assessed.
3.3.2 Data standardisation
The resolution of record location and date vary in these data, particularly for data from
earlier decades. Record location is represented by a British or Irish grid reference but
the resolution differed between records (e.g. 10m, 100m, 1km, 2km, and 10km). The
date format of a record also varied or was unknown. The most precise records state on
which day a species was recorded, but some older records state a year or range of years.
These differences mean that the datasets needed to be standardised to ensure a
collection of records with the same level of spatial and temporal precision. For the model
used here, records are required with day precision to maximise the number of replicates
within a year from independent visits. Replicate visits within a closure period (here one
year) are essential for estimating species detectability within the occupancy model
(Mackenzie & Royle 2005). Records where the date of the record was unknown were
removed from the dataset. A 1x1km grid cell precision for location was chosen as this
would provide the greatest number of spatial replicates across the time period of interest
for most taxa. A large number of 2x2km and 10x10km records for plants have been
omitted by this treatment. Any records with a more precise location were scaled up to
1km resolution. Any records with a less precise location were removed from the dataset.
Only records from 1970 onwards were retained as, in general, the number of records at
a 1x1km precision before 1970 was low for most taxa. A check was also carried out to
ensure that only records from grid cells within the UK (strictly England, Northern
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Ireland, Scotland and Wales, excluding the Channel Islands, the Republic of Ireland and
the Isle of Man) were retained.
The supplied species names for each taxonomic group were also checked. Any records
that were made to a taxonomic level higher than species were excluded from the dataset
(but see below regarding species aggregates). Scheme organisers were contacted to aid
in the checking of the species lists to ensure that synonyms representing the same
species were not used in isolation. Spelling mistakes were also identified and corrected.
In specific cases, certain species were modelled as aggregates of species. This was
carried out upon advice from the scheme organisers and was due to a number of reasons
including: changes in taxonomy during the time period of interest where species identity
of a record could not be certain, if there are known difficulties in identification of species
by recorders, or differences in what people actually record under a specific name. After
these checks were carried out, any duplicate records were then removed from the
dataset.
The standardisation process resulted in 32 datasets covering 12,204 species and
34,458,356 individual species records (Table 3.1). Note that the coverage of countries
within the UK varies between schemes. Some groups, therefore, were only analysed at
the scale of Great Britain (includes England, Scotland and Wales) rather than at the UK
scale (includes England, Scotland, Wales and Northern Ireland).

of the EIDC dataset (N species, outputs).

species covered by the standardised datasets is given (N species, input), as well as the number of species that results are supplied for as a part

contributing data for each taxa are given as well as information on the data sources, coverage and range of the datasets. The number of

Table 3.1: Information on the standardised datasets used as inputs into the occupancy modelling framework. The name of the schemes
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supplied for as a part of the EIDC dataset (N species, outputs).

The number of species covered by the standardised datasets is given (N species, input), as well as the number of species that results are

the schemes contributing data for each taxa are given as well as information on the data sources, coverage and range of the datasets.

Table 3.1 continued: Information on the standardised datasets used as inputs into the occupancy modelling framework. The name of
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for as a part of the EIDC dataset (N species, outputs).

number of species covered by the standardised datasets is given (N species, input), as well as the number of species that results are supplied

schemes contributing data for each taxa are given as well as information on the data sources, coverage and range of the datasets. The

Table 3.1 continued: Information on the standardised datasets used as inputs into the occupancy modelling framework. The name of the

Chapter 3
| 91

dataset (N species, outputs).

covered by the standardised datasets is given (N species, input), as well as the number of species that results are supplied for as a part of the EIDC

contributing data for each taxa are given as well as information on the data sources, coverage and range of the datasets. The number of species

Table 3.1 continued: Information on the standardised datasets used as inputs into the occupancy modelling framework. The name of the schemes
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dataset (N species, outputs).

covered by the standardised datasets is given (N species, input), as well as the number of species that results are supplied for as a part of the EIDC

contributing data for each taxa are given as well as information on the data sources, coverage and range of the datasets. The number of species

Table 3.1 continued: Information on the standardised datasets used as inputs into the occupancy modelling framework. The name of the schemes
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3.3.3 Organisation of detection histories
The standardised data were organised into detection histories as first applied to
presence-only data by Kéry et al. (2010b). In this format the data were organised into
visits (unique combinations of 1x1km grid cell and date), with 0s or 1s assigned to denote
whether or not a species was detected (1) or not detected (0) during each visit. This step
enables the use of presence-only data within a framework that requires information on
non-detection. Detections were extracted directly from the data as a record of a species
at a known date and location. There are two types of non-detection: true absences and
false absences, where the species has been overlooked. Non-detections were inferred
from the detection of other species within that taxonomic group when the focal species
was not observed. Here, it is assumed both that the species was available to be recorded
and that observers were looking for it. There will be situations where these assumptions
do not hold, such as targeted surveys for specific subgroups. A further issue arises if
species’ detectability varies substantially during the year: this is true of many
invertebrates in the UK, for whom the life-cycle is highly seasonal and the vast majority
of records are of adults. It is possible to include phenological information into the
detection submodel (van Strien et al. 2010): preliminary investigations showed that
including phenology made little difference to the resulting estimates but dramatically
slowed the convergence time.

Results are therefore reported without terms for

phenology within the model. The long-term trend estimates then assume that the
distribution of recording effort throughout the year has remained approximately
constant over time. List length is the number of species recorded during a visit, and is
used in the occupancy modelling framework as a proxy for recording effort (Szabo et al.
2010) (see later section). The detection history dataset and the list length of each visit
were fed into the occupancy modelling framework for the analysis.
The organisation of the standardised data into detection histories was carried out using
the function formatOccData in the R package sparta (August et al. 2018). sparta is an R
package that contains various methods for the analysis of unstructured occurrence
records, including all the models tested in Chapter 2, and is freely available on Github
(https://github.com/BiologicalRecordsCentre/sparta).
3.3.4 The occupancy model
The occupancy model used here is based on the random walk model of Chapter 2. The
name refers to the use of a random walk prior on the year effect of the state model, which
was found to improve precision in occurrence estimates, particularly for taxa with low
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recording intensity data (most of the input datasets in this study). The random walk
prior specifies the year effect as similar to that of the previous year, plus or minus some
variation. This development has enabled the much broader application of occupancy
modelling carried out here than was previously possible.
The model is a hierarchical model split into two distinct submodels: the state model and
the observation model. The state model describes the true occupancy state, zit, of site i
in year t and is defined by equations (1) and (2). zit will be 1 when a site is occupied and
0 if the site is not occupied. zit takes a Bernoulli distribution:
zit ~ Bernoulli(ψit),

(1)

where the logit of the probability of occurrence, ψit, varies with year and site:
𝜓

logit(𝜓𝑖𝑡 ) = log (1−𝜓𝑖𝑡 ) = 𝑏𝑡 + 𝑢𝑖 ,
𝑖𝑡

(2)

where bt and ui denote year and site effects respectively.
For the model used here, the state model year effect was split into four regions to allow
the estimation of occupancy for each country within the UK, as well as the aggregate
occupancy at UK and/or GB level (NB not all datasets include records from Northern
Ireland – see Table 3.1). This means that, instead of having a single year effect in the
state model as shown in equation 2, there is a year effect associated with each region.
Specifically, let r(i) be the region (England, Northern Ireland, Scotland or Wales) in which
site i is located:
𝜓

logit(𝜓𝑖𝑡 ) = log (1−𝜓𝑖𝑡 ) = 𝑏𝑡𝑟(𝑖) + 𝑢𝑖 ,
𝑖𝑡

(3)

where 𝑏𝑡𝑟(𝑖) is the year effect for year t in region r in which site i is found.
The observation submodel describes the data collection process and is conditional on
the true occupancy state zit. pitv represents the probability that a species will be observed
on a single visit, given the species is present at that site. The observation, yitv, is then
described as being drawn from a Bernoulli distribution conditional on the true
occupancy state:
yitv|zit ~ Bernoulli(pitv.zit)

(4)

This means that a species can only be detected at a given site if it is truly present. The
assumption is that there are no false positive observations (for example incorrect species
identifications) of species within the dataset. Given that the occurrence records are
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curated and verified by recording schemes and their organisers, this is likely to be a
reasonable assumption. However, the long-term trend estimates will be biased if there
is a directional trend in the rate of misidentification. A model extension has been
developed to account for false positives (Guillera-Arroita et al. 2017), but the effect on
overall occupancy was small so this was not pursued.
Variation in detection probabilities pitv, per visit are described as follows for the random
walk model of Chapter 2:
𝑝𝑖𝑡𝑣
)
1−𝑝𝑖𝑡𝑣

logit(𝑝𝑖𝑡𝑣 ) = log (

= 𝑎𝑡 + 𝑐 log 𝐿𝑖𝑡𝑣 ,

(5)

where 𝑎𝑡 is a year effect and Litv is the list length, that is the number of species recorded
during a single visit. In this form, c represents the change in the detectability of the focal
species as the list length increases. In using this formulation, the assumption is that there
is likely to be a positive relationship between the number of species recorded on a visit
and the probability of a species being detected. The suggestion being that more time was
spent looking and so greater sampling effort expended. However, equation (5) imposes
a specific mathematical form on the relationship between list length and species
detectability, and this form may not be justified for all of the species considered here.
This continuous option is also likely to result in higher assumed detection in the south
due to a general higher species richness than occurs in the north. Therefore, rather than
using a continuous specification of list length a categorical specification in which
detectability is classified according to whether a species is recorded on a list of length 1,
2-3 or 4+ records has been implemented. This alternative classification of list length was
considered by Van Strien et al. (2013) as a more flexible alternative to the continuous
specification, since detectability may not follow an increase with list length. It also does
not assume that each list was a complete list of species recorded during that visit. As the
occupancy model was to be applied across many thousands of species, a single option
applied broadly to all groups was used, however this may be less suitable for the few
high richness groups considered in this study (e.g. the vascular plants). In the model
implemented here, equation (5) is replaced with the following:
𝑝

logit(𝑝𝑖𝑡𝑣 ) = log (1−𝑝𝑖𝑡𝑣 ) = 𝑎𝑡 + 𝛽1 ∗ 𝑑𝑎𝑡𝑎𝑡𝑦𝑝𝑒2𝑖𝑡𝑣 + 𝛽2 ∗ 𝑑𝑎𝑡𝑎𝑡𝑦𝑝𝑒3𝑖𝑡𝑣 ,
𝑖𝑡𝑣

(6)

where 𝛽1 and 𝛽2 estimate differences in logit(pitv) for a list length of 2-3 (datatype2) and
of 4+ (datatype 3) respectively, relative to a list length of one.
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This model is run in a Bayesian framework which requires unknown parameters to be
assigned a prior distribution. The prior distribution describes knowledge of the system
before the data were collected.

In the model formulation in Chapter 2, vague,

uninformative priors are set on all parameters except for the year effect of the state
model. The preferred prior on this parameter uses a random walk to describe the change
in occurrence as similar to that of the previous year with some variation. Here, this is
applied to the year effect for year t in region r, 𝑏𝑡𝑟 :
𝑏𝑡𝑟 ~ {

Normal(μ𝑏𝑟 , 104 ) for 𝑡 = 1
2
Normal(𝑏𝑡−1𝑟 , 𝜎𝑏𝑟
) for 𝑡 > 1

where, μ𝑏𝑟 ~ Normal(0, 100),
and 𝜎𝑏𝑟 ~ |Student-t on 1 degree of freedom|

(7)
(8)
(9)

See Chapter 2 for further details on the random walk prior.
Priors on all other parameters are set out as in the previous chapter including the use of
the recommended half-Cauchy hyperpriors. These are set as shown in equation 9 as the
absolute value of a Student’s t-distribution on 1 degree of freedom. Information on the
setting of initial values can be found in Chapter 2 where the procedure outlined was
followed.
The models were fitted using the function occDetFunc from the R package sparta,
selecting the random walk model with half-Cauchy hyperpriors and using the categorical
specification of list length. Parameters set for the model running process included nyr =
2, this means that any sites with fewer than two years of data are dropped from the
dataset. Models were fitted to data for the period 1970 to 2015.
The sparta package uses a MCMC algorithm to fit the models, using JAGS (Plummer
2009). This process can be computationally expensive, particularly when datasets
consist of a large number of records and/or a large number of species. For small to
medium datasets, models were fitted using a computer cluster hosted at CEH,
Wallingford. Using this process, species were run in parallel across multiple cores. Large
datasets, including the moths, vascular plants, dragonflies, bryophytes and lichens were
run on the much larger NERC JASMIN supercomputer. For groups run on the CEH cluster,
the MCMC algorithm was run for 40,000 iterations per species with a burn in of 20,000
and a thinning rate of three. This was sufficient to obtain convergence for the majority
of the parameters of interest for most species. Convergence was assessed using the Rhat
value (Gelman & Rubin 1992), where a value below 1.1 was considered sufficient (Kéry
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& Schaub 2012). For those groups run on JASMIN, the greater size of the datasets meant
that these groups took longer to run than those run on the CEH cluster. These groups
were run for 20,000 iterations in total with a burn-in of 10,000 and a thinning rate of
three. As these groups generally had more data per species, convergence was reached in
fewer iterations so this was considered an acceptable compromise to reduce the overall
run time. For a general idea of run time, small data sets with few species take just a few
hours when run in parallel on these systems, but large datasets with many species took
several weeks. Each model was run for 3 chains.
The model described above was fitted to all 12,204 species within the standardised
datasets, regardless of the number of records that were available for that species.
Species occupancy each year was calculated as a derived parameter within the model as
the proportion of occupied sites. This was calculated for each region covered by the
model, therefore estimates are available for each species for multiple regions depending
on data coverage. A posterior distribution of estimates for each year, for each region was
therefore generated by the MCMC process.

3.3.5 Assessing species outputs
As a combination of species rarity, the data standardisation process, and the
implementation of the nyr parameter (see section on the occupancy model), the number
of records available for each species varied considerably. As a result, model outputs for
some species were based on very few records. As a model output based on just a few
records cannot be considered to contain any valuable information, there was a
requirement to set a threshold number of records that a species must have in order to be
considered as part of the datasets produced here. After model fitting, a threshold of 50
records across the 45 year time period was set, increasing this threshold made very little
difference to multispecies assessments so this value is maintained here (Appendix 4.1,
see also Chapter 2 for examples of species models that achieve useable results based on
50-500 records). Species were also removed if they contained a gap in the dataset where
more than 10 consecutive years were lacking records, this was to prevent cases where
the prior can take over during periods of no data (see Appendix 2.4, Chapter 2). This
reduced the number of species from 12,204 to 6,567, which are considered to contain
valuable information on species status.
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3.3.6 The posterior distribution
The output produced from this model is a posterior distribution of the occupancy
parameter estimated as the proportion of occupied sites for each year, within each
region, for each species. These estimates cover the years 1970 to 2015. Some input
datasets ended prior to 2015 (Table 3.1) so estimates are produced for years where data
are not available, although the uncertainty (which is quantified via the provided samples
from the posterior distribution) will be greater during these years (see Figure S2.6 in
Appendix 2.4 for an example of increased uncertainty around estimates where the model
is run for a period with no data). In order to make the analysis of these outputs
manageable, 1000 samples from the complete occupancy posterior distribution for each
region were extracted and used in subsequent analyses. These 1000 samples for each
species, for each region are supplied in the EIDC repository dataset.

3.3.7 Species trends
Long-term species trends were estimated as the percentage annual growth rate of
occupancy using the following formula:
1

𝑎𝑛𝑛𝑢𝑎𝑙 𝑔𝑟𝑜𝑤𝑡ℎ 𝑟𝑎𝑡𝑒 =

𝑓 𝑦
(( 𝑠 )

− 1) × 100,

(10)

where, f was the occupancy in the final year, s was the occupancy in the starting year and
y was the number of years. The growth rate was calculated for each of the 1000 samples
which were then summarised using the mean and 95% quantiles. In order to avoid
extrapolating beyond the scope of the data, the start and end years that were used to
calculate the annual growth rate differed between species depending on which years had
records contributing to the occupancy outputs. For example, if the input dataset for a
species only had records of that species between 1974 and 2013, then the posteriors for
these years were used as the final and starting years in the formula above. This was
considered appropriate as when there are no data at the start of the time period, the
prior of the model can have an influence on the result, see Figure S2.7 in Appendix 2.4.
The precision of the trend estimate is also supplied and is estimated as 1/variance of the
1000 sample trends. Long-term species trends are supplied within the EIDC repository
dataset.

Chapter 3

| 100

3.3.8 Technical validation
The model used here is based on the random walk model tested in Chapter 2. This model,
and other variants, were tested on both simulated data and real world biological records.
It was shown that the random walk model improved the precision of the occupancy
estimates and also had low bias when estimating known species trends from simulated
data. This model is, therefore, arguably the most appropriate for use in this study,
particularly due to its improved application to datasets of a low-recording intensity
which a number of the input datasets included here suffer from.
The input datasets were checked and standardised as described in the methods section.
Species names within each dataset were checked by scheme organisers or were
compared to online checklists to ensure no synonyms were present alongside preferred
species names. Scheme organisers also recommended the removal or aggregation of
species where it was not certain which species the records were referring to. This could
occur, for example, when a single species is split into two separate species. Those species
may then be aggregated under one species name if records before the split cannot be
identified as one of the two split species. Aggregate species can be identified by agg. after
the species name. Any species where record identity was questioned, for example
because species are very difficult to identify with confidence, were highlighted. These
were retained within the dataset to fully inform list length, but models were not fitted
for these species.
The number of records that make up the datasets for each taxonomic group differed
substantially. This will impact the spatial coverage and the number of sites that
estimates are based on (maps of the spatial coverage of the standardised input datasets
are presented in Appendix 3.1).
Convergence of the model parameters of occupancy was assessed using the Rhat statistic.
This measure is commonly used to assess the convergence of a model parameter with
values less than 1.1 generally considered to be adequate. Due to the size of the datasets
and the time taken to run all the models it was not possible to run all models to complete
convergence. Set numbers of iterations were therefore undertaken according to the size
of the dataset: 40,000 for smaller datasets and 20,000 for larger datasets.
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3.3.9 Data sharing
The outputs produced as a part of this Chapter have been shared via the NERC EIDC
(currently waiting for link to repository). The outputs are provided in three forms: 1) the
1000 samples of the posterior distribution of occupancy estimates for each species for
each region analysed. 2) The summary tables from the model output detailing the
average occupancy and 95% credible intervals determined from the complete posterior
distribution of occupancy estimates as well as the associated Rhat values. 3) The longterm trends in occupancy estimated as the average annual growth rate for each species.
Accompanying metadata are also supplied, this includes the start and end years per
species used to calculate the trend estimates, the number of records per species,
information on the input datasets (also found in Table 3.1) and details on the origins of
and changes made to species names.

3.4 Results
Models were run for a total of 12,204 species from 32 taxonomic groupings. After
implementing the thresholds of 50 minimum records across the time period 1970 to
2015 and removing species with a data gap of 10 years or more, there were 6,567 species
outputs that were considered to contain valuable information on species status and
trends. The number of species per group within the final set of 6,567 species varied
(Figure 3.2, Table 3.1). The rove beetles, with a high number of species but relatively few
records have the lowest number of species that contribute outputs to the dataset
produced and shared through this study.
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Figure 3.2: The proportion of species in each taxonomic grouping that met the criteria
for inclusion (blue bars) and those that did not (grey bars).

The model outputs are presented in two forms within the EIDC dataset: 1000 samples of
the posterior distribution of the occupancy estimates for each species and the model
output summary tables detailing the mean and 95% credible intervals of the outputs and
associated statistics including the Rhat measure of convergence, also one per species.
These outputs are shared as a csv file per species and are presented in the following
format (e.g. Table 3.2 & Table 3.3).
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Table 3.2: Example table showing the layout of the samples from the posterior distribution
for a species. There is a row per iteration per region and a column per year. Additional
columns detail the region, iteration, the species name and the taxonomic group that the
species belongs to. ‘…’ represents intervening years, regions and iterations not shown here.
Group

Species

Region

Iteration

Ants

Formica
aquilonia
Formica
aquilonia
Formica
aquilonia

GB

1

GB

2

GB

3

…

…

…

…

Ants
Ants

1970

1971

1972

…

…

2015

0.01804

0.02296

0.02132

0.01886

0.00164

0.00205

0.00082

0.01599

0.02747

0.02706

0.02952

0.02501

Table 3.3: An example summary table showing the layout and parameters included. There
is a row per year per region. Information columns detail the taxa, species name, region and
year of the estimates. The remaining columns detail the statistics for that estimate
including mean occupancy, 95% credible intervals, the standard deviation and the Rhat
statistic. ‘…’ represents intervening years and regions not shown here.
Group Species

Region Year Mean Lower_CI Upper_CI

Standard_
deviation

Rhat

Ants

Formica
aquilonia

GB

1970 0.034

0

0.081

0.03

2.937

Ants

Formica
aquilonia

GB

1971 0.034

0

0.08

0.03

3.015

Ants

Formica
aquilonia

GB

1972 0.034

0

0.08

0.03

3.101

…

…

…

…
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One way that the posterior samples of occupancy estimates can be used is to generate
indicators of change in average occupancy over time for aggregations of species (e.g.
Figure 3.3). These can be used to show patterns of change over time, to visualise the
uncertainty surrounding occupancy estimates and to assess the overall change in
average occupancy.

Figure 3.3: Example of a multispecies indicator generated from the 1000 posterior
samples of occupancy estimates for the ant group. Values are rescaled to 100 in 1970.
The coloured line represents the mean change in occupancy and the shaded area
represents the 95% credible intervals. This indicator presents change in the average
occupancy of 29 ant species.

The summary tables that are part of the model output can be used to generate species
specific plots that are based on the complete posterior distribution of the occupancy
estimates. These plots clearly present the change in species ocucpancy over time (e.g.
Figure 3.4).
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Figure 3.4: Examples of single species plots using the summary table output for two
species of bee. These can be accomplished using the plot function in the R package sparta
(August et al. 2018). Occupancy estimated as the proportion of occupied sites.

Species trends were calculated as the average annual growth rate. There is considerable
variation of trends both within and between taxonomic groups which is not observed
from indicators of average change (Figure 3.5). Groups with a high proportion of
declining species include the ladybirds, moths, molluscs and spiders. Groups with a high
proportion of increasing species includes the vascular plants, dragonflies, millipedes and
moths.
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Figure 3.5: Proportions of species with a significant increasing (green), significant
declining (red), or non-significant (grey) long-term annual growth rate within each of
the 32 taxonomic groups.

3.5 Discussion
By using a variation of the random walk model tested in Chapter 2, it was possible to
determine annual estimates of occupancy and long-term trends in occupancy for over
12,000 species. The taxonomic groups covered by this analysis encompass a large
proportion of taxa that have been neglected in large-scale biodiversity studies to date, or
for which only coarse scale measures of change have been established. By sharing the
outputs of this chapter via the EIDC, I hope to encourage the further study of these
groups. As shown, these outputs can be used to assess individual species or groups of
species through the generation of multispecies indicators. This form of analysis will shed
light on the overall change in occupancy of these groups of species as well as the patterns
of change over time. These outputs can be used for future iterations of UK biodiversity
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studies such as the UK Biodiversity Indicators and the State of Nature Report, increasing
the taxonomic coverage of these studies.
Although models were fitted for over 12,000 species, only 6,567 were considered to
contain valuable information on status and trends in occupancy. It is this subset of
species that is shared via the EIDC repository. This reduction in species outputs was
based on the number of records within the input dataset of each species and the number
of years within the time series that did not have data contributing to the estimates. A
minimum threshold of 50 records per species between 1970 and 2015 was set. Although
this is a very low value, it is possible to establish useable information on status and
trends from this many records. This was shown in Chapter 2, where the random walk
model was applied to ant data with between 50 and 500 records and showed the precise
estimation of species occupancy. Varying this threshold does not change the overall
patterns of change observed in subsequent analyses (Chapter 4, Appendix 4.1), so has
been maintained throughout this thesis. The ideal levels of data in terms of number of
records, or visits, that are required to produce a robust estimate of species occupancy or
occupancy trends is not currently known. This is an area that would benefit from further
investigation since it would then be possible to determine from a dataset, before models
were run, whether any useable information could be obtained. A threshold was also set
for the largest allowable gap in records of a species. This threshold specified that any
species with a gap in data of 10 or more years was dropped from the dataset. As was
shown in the previous chapter (Appendix 2.4), when there are no data for a species, the
priors of the model can have a large effect on the occupancy estimates. It was considered
appropriate to remove those species not meeting these two criteria from the dataset to
be shared via the EIDC. Information on the number of records of each species within the
input datasets has been made available so that users can apply higher thresholds should
they deem it necessary. Although greater weight should be placed on the uncertainty
around the estimates rather than the number of records.
A “one-size-fits-all” approach was taken in regards to model fitting in that a single model
was applied to all of the input datasets. It is possible that the specification of this model
is not the most appropriate for all of the datasets used. Detectability may differ between
groups, and additional information, such as phenology could have been added to the
detection model. However, as the model was to be run across thousands of species, one
model formulation was chosen rather than trying to design more specific models for each
group. It would be beneficial, however, if future work was carried out on variations of
the detection model to determine whether any improvement in the estimation of species
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occupancy could be gained. This would require consultation with the scheme organisers
to gather more information on the data collection process so that this could be more
effectively coded into the model.
As much information as possible has been supplied within the repository, alongside the
dataset, so that data users can understand and utilise the data in the most appropriate
way. This includes information on the input datasets used, maps of the coverage of the
input datasets, the sources and any changes made to species names, and the number of
records of each species. When assessing the outputs of this study, most attention should
be given to the uncertainty around the estimates.
This study has generated the largest, openly available, dataset on UK species annual
occupancy and trends in occupancy. It focusses on taxonomic groups that are largely
missing from biodiversity studies to date, filling major gaps in knowledge on UK
biodiversity change. These data have been shared via the EIDC to encourage their use
and incorporation into other biodiversity studies, providing opportunities to learn more
about trends in these less well-studied groups.
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Complexity of biodiversity change revealed
through long-term trends of plants, invertebrates
and lichens

This work was conducted in collaboration with my supervisors and has been submitted
to Nature Ecology and Evolution for publication.
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4.1 Abstract
Large-scale biodiversity change is measured largely through the responses of a few
taxonomic groups.

Little is known about the trends affecting plants and most

invertebrates, and it is unclear whether well-studied taxa reflect changes in wider
biodiversity. Here, I present and analyse the patterns of change in occupancy of over
6,000 UK plant and invertebrate species, revealing substantial variation in both the
magnitude and timing of change over the last forty five years. Just one of the five major
groups analysed, terrestrial non-insect invertebrates, exhibit trends consistent with
widely-reported declines in the abundance of UK vertebrates and butterflies. Terrestrial
insects, vascular plants, and bryophytes & lichens have on average increased in
occupancy. A striking pattern is found among freshwater species, which have undergone
a strong recovery since the mid-nineties following two decades of decline. While average
species occupancy among most groups appears to have been stable or increasing, there
has been substantial change in the relative commonness and rarity of individual species,
indicating considerable turnover in community composition. Additionally, large
numbers of species experienced substantial declines.

These results highlight the

multifaceted nature of biodiversity change and are consistent with recent studies
revealing little change in local species richness but considerable change in community
composition.

4.2 Introduction
Large-scale study of the state of biodiversity is key to ensuring that conservation actions
are targeted appropriately. However, high quality population time series collected on an
annual basis are typically restricted to birds (Gregory et al. 2005), other vertebrates
(McRae et al. 2017) and butterflies (Brereton et al. 2010; Van Swaay et al. 2015). Most
invertebrates do not feature in studies of large-scale biodiversity trends (Tittensor et al.
2014; McRae et al. 2017). While it is unclear whether these well-studied groups reflect
changes in wider biodiversity (Rodrigues & Brooks 2007; Westgate et al. 2014), they
continue to be used to represent biodiversity as a whole (Hambler & Speight 2004;
Tittensor et al. 2014) despite the fact that plants and invertebrates constitute a
substantial portion of diversity and support many ecosystem functions. Their lack of
representation could mean that important trends are being overlooked.
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The UK is relatively well monitored in terms of national scale species’ status and trends
for some taxa (Burns et al. 2016, 2018). The farmland bird index has declined by over
50% since 1970 (Hayhow et al. 2017), the abundance of specialist butterflies has fallen
by 45% since 1976 (Fox et al. 2015), and vascular plant communities have declined,
largely in response to nitrogen deposition (Maskell et al. 2010).

Conversely, bat

populations in Great Britain have generally shown stable or positive trends since the late
nineties (Barlow et al. 2015). The estimation of these trends has been possible through
the standardised collection and analysis of abundance data. Equivalent knowledge is
lacking for the majority of biodiversity, including most invertebrates. However, due to
the rich history of recording within the UK that goes back many decades (Pocock et al.
2015) extensive occurrence records are available for these groups. These records,
mostly collected opportunistically, have not been used to their fullest extent because of
concern over biases that result from the unstandardized nature of data collection
(Boakes et al. 2010; Isaac & Pocock 2015; Maldonado et al. 2015). Here, the advances in
occupancy modelling techniques detailed in Chapter 2 are exploited to explore long-term
change in UK biodiversity, focussing on less well-studied taxa.
The outputs from the national scale models of annual occupancy presented in the
previous chapter, spanning 1970-2015 for over 6,000 terrestrial and freshwater species,
are analysed. Change in occupancy over time is quantified, the differences between
common and rare species explored, and trends compared with widely reported declines
in well-studied groups. This represents the most comprehensive assessment of its kind
with unprecedented scale and scope for a national biodiversity assessment.

4.3 Methods
4.3.1 Data
The species occurrence dataset presented in Chapter 3 was used to assess annual species
occupancy and explore patterns of change over time. This dataset includes 1000
iteration samples of the posterior distribution of occupancy estimates for 6,567 species
from 1970 to 2015 and estimates of average annual growth rate for each species. These
estimates are derived from biological records analysed using a Bayesian occupancy
modelling framework based on that of Outhwaite et al (2018): specifically the random
walk model tested in Chapter 2. Occupancy is defined as the proportion of 1x1km grid
cells occupied within the UK each year. Species estimates are based on a minimum of 50
records across the time period 1970 to 2015, increasing this threshold to 200 records,
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and reducing the number of species analysed, did not change the trajectories of
aggregate group level change observed (see Appendix 4.1: Figure S4.1 and Table S4.1).
A higher threshold was therefore not deemed necessary.
4.3.2 Species grouping
Multispecies trends are summarised for five aggregate taxonomic and habitat-based
groups (Table 4.1). Freshwater species (n = 485) are considered separately from
terrestrial species, since they are subject to different drivers. Terrestrial species are
aggregated into four groups reflecting major taxonomic boundaries: terrestrial insects
(n = 3,168, hereafter referred to as insects), terrestrial non-insect invertebrates (mostly
spiders, n = 538, hereafter inverts), terrestrial vascular plants (n = 1,107, hereafter
plants) and bryophytes & lichens (n = 1,269). Trends in vertebrates or butterflies are
not considered here, so results reflect trends in taxa that are currently neglected in largescale biodiversity studies. The 32 taxonomic groups represent single or groupings of
families or higher taxonomic rank and represent the sets of species recorded by separate
recording schemes within the UK.
Table 4.1: Details of the taxonomic groups included within each major group aggregation
and the number of species represented within these groups.
Major group

Taxon

Number of
species

Terrestrial insects

3,168
Ants

29

Bees

202

Carabids

189

Craneflies

157

Empid & dolichopodid flies

228

Fungus gnats

157

Gelechiid moths

86

Hoverflies

219

Lacewings

30

Ladybirds

37
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Table 4.1 continued: Details of the taxonomic group included within each major group
aggregation and the number of species represented within these groups.
Major group

Taxon

Number of
species

Terrestrial, non-insect
invertebrates

Leaf and seed beetles

145

Macro moths

714

Orthoptera

24

Plant bugs

222

Rove beetles

79

Shield bugs

39

Soldier beetles

31

Soldierflies

83

Wasps

167

Weevils

330
538

Centipedes

22

Millipedes

28

Terrestrial molluscs

86

Spiders

402

Freshwater species

485
Aquatic bugs

51

Caddisflies

123

Dragonflies

41

Mayflies

35

Aquatic molluscs

43

Stoneflies

25

Aquatic Vascular plants

167

Bryophytes & Lichens

1,269
Bryophytes

569

Lichens

700

Vascular plants

1,107
Terrestrial vascular plants

Study total

1,107
6,567
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Some groups, where there are both terrestrial and freshwater species, have been
separated accordingly. Freshwater plant species were identified using PLANTATT (Hill
et al. 2004) where species with associations with broad habitat types 13 (standing
water) and 14 (rivers and streams) were considered to be freshwater species.
Freshwater molluscs were separated from terrestrial molluscs based on expert opinion
and web-based searches.
Recent colonists and non-native species have not been excluded from this study (Table
4.2). Due to their small number within each of the five aggregate groups their influence
on the overall patterns of change in this study is minimal. The majority of the species
known to be recent colonists to the UK, that are included in this study, are moths (n =
32). These species were identified from two lists: first, a list of recent colonists into the
UK established from the literature and a list of established non-native species derived
from the GB Non-native Species Secretariat Information Portal species register.
Table 4.2: The number of species within each major group that are recent colonists or
established non-native species.
Number of recent
Total species in

colonists/non-

group

native species

485

4

Insects

3,168

51

Inverts

538

0

Plants

1,107

3

Bryophytes & lichens

1,269

1

Total

6,567

59

Major group
Freshwater species

4.3.3 Composite trends
To generate composite, multispecies indicators the posterior samples of the occupancy
estimates for each species in each year were assessed. These consist of 1000 samples
describing the proportion of occupied sites in each year per species. For each group of
species (per taxa or per major group), the 1000 samples for each species were combined,
so for ants, for example, this would result in a matrix with 29,000 rows and a column for
each year (29 ant species x 1000 samples = 29,000 rows). To estimate average
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occupancy over time for the set of species of interest, the multispecies structure was
represented in the following way:
𝑌𝑖𝑠𝑡 = 𝛼𝑡 + 𝛽𝑠𝑡 + 𝜀𝑖𝑠𝑡 ,

(1)

where 𝑌𝑖𝑠𝑡 is the occupancy estimate for species s in year t in the ith sample of the
posterior. 𝛼𝑡 is the year effect, 𝛽𝑠𝑡 is the species effect and 𝜀𝑖𝑠𝑡 are independent zeromean random variables. For the indicator, an assessment of the year effect, 𝛼𝑡 , across all
species is required. Due to sum-to-zero constraints, the second term in (equation 1), 𝛽𝑠𝑡 ,
can be removed from the equation, and the final term can be removed because E(𝜀𝑖𝑠𝑡 ) =
0. Therefore, the average of all posterior sample occupancies in year t, over all species,
will give an estimate of 𝛼𝑡 . So, to generate the index value for each iteration i for each
species in the group of interest the geometric mean occupancy was calculated. This
resulted in 1000 estimates of the geometric mean occupancy across all species in the
group. Indicators were then generated by rescaling values to start at 100 in 1970 and
taking the mean and 95% credible intervals (2.5 and 97.5 quantiles) of these 1000
estimates each year. These values are then plotted with year on the x-axis and occupancy
on the y-axis. A caveat of this process is the assumption that the posterior occupancy
probabilities for different species are independent. However, this method gave very
similar results to the use of a linear model with species as a random effect and contrasts
set to ensure the average species response was the baseline (this was set as “contrasts =
list(spp = “contra.sum”)” in the linear model function in R and ensured no one species
was set as the baseline against which average change is compared). The linear model,
however, took days to run for the large groups and assumes species are a random set,
which is not true. The method described above, rather than the linear model, was
preferred as it could be completed in seconds.
Change in rarity and commonness over time was also estimated in this way. First, the
samples of the posterior distribution for all species within the major group of interest
were combined. Then, rather than estimating the geometric mean across each set of
1000 iterations, the quantiles of species’ occupancy for each year were calculated to
compare the trajectories of rare (25th percentile) and common species (75th percentile)
with the average (50th percentile). This generated 1000 estimates of each quantile.
These values were rescaled to start at 100 in 1970 and the mean and 95% credible
intervals calculated from these 1000 samples for each major group. These were then
presented as an indicator with year on the x-axis and occupancy on the y-axis. This was
repeated for each of the five major groups.
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4.3.4 Group level change
Percentage change in occupancy of aggregate groups was calculated using the 1000
estimates of the geometric mean occupancies for the first and last years (1970 and 2015)
which were generated as described above. Percentage change was then calculated as:
𝑓−𝑠
)
𝑠

𝑝𝑒𝑟𝑐𝑒𝑛𝑡𝑎𝑔𝑒 𝑐ℎ𝑎𝑛𝑔𝑒 = (

× 100,

(2)

where, f is the final year values and s is the starting year values of the geometric mean
occupancy. By calculating this value for each of the 1000 samples, the mean and 95%
credible intervals could be estimated to give the average percentage change across the
time period for each group with associated uncertainty.

4.3.5 Species level change
Species level growth rates were taken for each species from the dataset generated in
Chapter 3. These are calculated using the posterior distribution of occupancy estimates
for that species. Annual growth rate for each species was calculated using the following
formula:
1

𝑎𝑛𝑛𝑢𝑎𝑙 𝑔𝑟𝑜𝑤𝑡ℎ 𝑟𝑎𝑡𝑒 =

𝑓 𝑦
(( 𝑠 )

− 1) × 100,

(3)

where, f was the final year values, s was the starting year values and y the number of
years. The growth rate was calculated for each of the 1000 posterior samples, then the
mean and 95% credible interval were summarised from these 1000 estimates. Only
those years that had data contributing to the output were used to calculate the trends
(see detail in Chapter 3 methods). Therefore y varies among species.

4.4 Results
4.4.1 Multispecies trends in occupancy
Across all 6,567 species, geometric mean occupancy was 16% higher in 2015 compared
with 1970 (95% credible intervals: 14, 18%), but there were substantial differences
among major groups. The most striking response was seen for the freshwater species.
Although this group has not experienced a significant change since 1970 (3%: -5, 12%),
an increase is observed following two decades of consistent decline (Figure 4.1). At its
lowest point, in 1994, freshwater species occupancy had declined by 34% compared
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with levels in 1970. Terrestrial insects show a slight increase of 7% (4, 9%). The
invertebrates are the only group to experience an overall decline in mean occupancy
with a reduction of 7% (-12, -1%). Given that occupancy trends are conservative with
respect to changes in abundance at this scale, this figure is comparable with the large
declines in average abundance reported for terrestrial birds and butterflies (Appendix
4.2). Vascular plants and bryophytes & lichens increased by 39% (32, 47%) and 35%
(30, 40%) respectively.

Figure 4.1: Composite trends in average occupancy of five groups of species. Values are
scaled to 100 in 1970. Coloured lines show the average response as the geometric mean
occupancy and the shaded area represents the 95% credible intervals of the posterior
distribution of the geometric mean. n denotes the number of species contributing to each
group. Uncertainty for each year is expressed relative to the 1970 baseline; change
metrics reported in the text account for uncertainty in both the first and last year of the
series.

Temporal variation in trends is clearly apparent when contrasting the net change in
average occupancy during the first (1970-1992) and second (1993-2015) halves of the
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series (Figure 4.2). Freshwater species experienced an extreme change in trajectory,
with the fastest declines exhibited across groups experienced before 1992, and the
fastest increase across groups, post-1992. Terrestrial insects and inverts show opposite
patterns with the former presenting an increase pre-1992 and a decline post-1992, and
the latter declining initially then stabilising. Vascular plants and bryophytes & lichens
present similar responses with stability or a slow increase pre-1992, with rapid
increases post-1992. There are no groups that have consistently declined across the time
period assessed.

Figure 4.2: Absolute change in mean occupancy during the first (1970-1992) and second
(1993 – 2015) halves of the time series for each major group. Each boxplot represents
the posterior distribution of overall percentage change in occupancy within the group,
over the relevant time period. The centre of the boxplot represents the median of the
distribution with lower and upper hinges corresponding to the 25th and 75th percentiles.
The whiskers represent the 95% credible intervals.
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4.4.2 Winners and losers
The five groups also differ markedly in the relative fates of rare and common species.
The quantiles of species’ occupancy were calculated for each year to compare
trajectories in rare species (25th percentile) and common species (75th percentile) with
the average (50th percentile). All three quantiles show similar levels of decline among
freshwater species in the first period of rapid decline, but common species start to
recover earlier than the average or rare species (Figure 4.3). For the insects and inverts,
the three quantiles have followed similar patterns over time, indicating that all species
within the group are responding in the same way. This implies that communities of
insects and invertebrates have been relatively stable over time.

Vascular plant

occupancy has increased more among the common (75th percentile) than either the
average or rare species. Bryophytes & lichens demonstrate the opposite pattern to
vascular plants, with the greatest increases in occupancy among rare species (25th
percentile).
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Figure 4.3: Composite trends of three quantiles of occupancy across the five major groups.
Three quantiles were chosen to represent varying levels of occupancy: common or
widespread (0.75 - purple), average occupancy (0.5 - blue) and rare or localised occupancy
(0.25 - green). These quantiles of occupancy were assessed each year to show how
rareness and commonness changed over time in relation to the average occupancy of each
group. Note that the credible intervals of some speciose taxa are very close to the mean
values and are not clearly visible.

There is considerable heterogeneity within the groups with some taxa facing substantial
declines not apparent from the average observed change (Figure 4.4). When trends are
assessed across the 32 taxonomic groupings, ten groups have undergone a significant
increase in occupancy since 1970 (lacewings, lichens, millipedes, caddisflies, vascular
plants, bryophytes, empid & dolichopodid flies, weevils, fungus gnats and moths) and
five taxa have experienced significant declines (molluscs, soldierflies, soldier beetles,
gelechiid moths and spiders). Similar patterns of change are evident for the insect taxa
within the freshwater group where declines are evident in early decades, followed by
more recent recovery towards 1970 levels. The insect group, which encompasses twenty
taxa, shows high variability although most taxa increase in the first half of the time series
and decline in the second half. The inverts are more varied in their responses with the
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overall decline driven by spiders during the early period, and by terrestrial molluscs
more recently. Lichens present a greater increase than the bryophytes which initially
declined before increasing from the mid-nineties.

Figure 4.4: Composite trends in average occupancy of each taxonomic subgroup for each
of the five major groups shown in Figure 4.1. Values are scaled to 100 in 1970. Coloured
lines show the average response as the geometric mean occupancy and the shaded area
represents the 95% credible intervals of the posterior distribution of annual occupancy
estimates. Note that the credible intervals of some speciose taxa are very close to the
mean values and are not clearly visible.
Aggregating species level change into indicators of average occupancy over time hides
the variation in individual responses. Within any group there will be winners and losers
whose response is more extreme than that of the average. Analysis of the growth rates
of individual species (Figure 4.5) reveal that a number of common species have
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undergone substantial declines while some rare species have increased dramatically. Of
the most common 10% of species (n = 657), 75 have undergone a significant decline in
occupancy with annual percentage growth rates ranging from -0.081 to -4.836. Most of
these species are moths (38), lichens (11) and molluscs (7). Of the rarest 10% of species
(n = 657), 48 have undergone significant increases with growth rates ranging from 1.601
to 27.363 the majority of which are vascular plants (24) and moths (12).
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Figure 4.5: Heat map of comparison between each species’ average occupancy estimate
across the entire period and its average annual growth rate (expressed as a percentage
of the initial occupancy, see methods). Brighter shades represent a greater number of
species within that hexagon. The greater the average occupancy value on the y-axis, the
more common the species. Hexagons to the left of the vertical, dashed line (growth rate
= 0) include species with a negative annual growth rate, those on the right have a positive
annual growth rate. n = 6,561 species, six extreme positive growth rates are not shown.

4.5 Discussion
This analysis of changes in occupancy for over 6,000 plant and invertebrate species has
shown that only one of the five aggregate groups, the inverts, presents trends consistent
with the widely reported declines in abundance for UK birds and butterflies, and for
other taxa globally (Newbold et al. 2015; McRae et al. 2017). Not only is the direction of
change different among groups, there is enormous variation among taxa in the temporal
pattern of change and the relative fates of rare and common species. By broadening the
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taxonomic scope of investigation to these lesser-known groups, these results challenge
the received wisdom that biodiversity loss is both pervasive and unalterable.
The increasing trajectories among bryophytes & lichens (since 1970) and the freshwater
group (since 1992) both suggest a beneficial impact of environmental legislation in
reversing biodiversity declines. Bryophytes and lichens are known to be particularly
sensitive to acidic pollutants such as sulphur dioxide (Pescott et al. 2015a), and the
atmospheric concentrations of these chemicals have been declining since the first Clean
Air Act of 1956. Overall, freshwater species experienced substantial declines up until the
mid-nineties followed by a recovery to 1970 levels. Interestingly, whilst five of the seven
freshwater taxa follow the U-shaped trajectory of the aggregate trend, two did not: the
molluscs have failed to recover and a decline among aquatic plants was not detected
(Figure 4.4). It is notable that the lowest mean occupancy for the freshwater group
follows shortly after the introduction of the European Urban Waste Water Treatment
Directive in 1991, and the step change in regulation of the water industry after
privatization in 1989 (Saal & Parker 2000). Improvements in water quality have
previously been linked to increases in family level richness of freshwater invertebrates
in Great Britain from the early nineties onward (Vaughan & Ormerod 2012) and
historically at localised sites in England (Langford et al. 2009). The recent increases
reported here must be seen in the context of much larger declines that probably occurred
over two centuries since the industrial revolution. This makes it hard to interpret the
relative trajectories of rare and common species, or the apparent stasis in freshwater
occupancy since 2005.

Nonetheless, the recoveries in bryophytes, lichens and

freshwater invertebrates, concomitant with improvements in air and water quality over
recent decades, contributes to a growing trend of optimistic narratives in debates about
biodiversity conservation (Balmford & Knowlton 2017).
Caveats about declines prior to 1970 also apply to the other three major groups under
consideration. It is well-established that major transformations of the UK landscape
occurred during the middle parts of the 20th century (Robinson & Sutherland 2002;
Antrop 2005) so care is needed to avoid the pitfalls of shifting baseline syndrome
(Mihoub et al. 2017; Soga & Gaston 2018). However, these results do show that the
majority of UK taxa have not experienced the substantial and ongoing declines that might
have been expected. It should be noted that both recent colonist species and non-native
species (such as the Harlequin ladybird) are included in the set of species analysed here,
since they also contribute to UK biodiversity change, however their low numbers (59
species, see methods for a breakdown) result in very little influence on the trajectory of
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One potential

extension of this work would be to include spatially explicit information in the models
used, this has not been addressed at this stage so the results reflect a national average.
These results demonstrate clearly the deep insights that can be gathered from the careful
analysis of presence-only occurrence records. However, they raise questions about how
trends in occupancy should be interpreted in the context of more widely-used metrics,
such as changes in mean abundance (McRae et al. 2017) or species richness (Dornelas et
al. 2014). These relationships were explored using simulations (Appendix 4.2 and 4.3).
It is almost inevitable that declines in occupancy lag behind trends in abundance, since
large numbers of organisms need to be lost in order for an entire grid cell to become
unoccupied. However, it’s not clear that the same is true for increasing species, since it
is possible for new cells to be colonized at very low abundances. The simulations showed
that trends in occupancy and abundance are broadly correlated, but that occupancy is
conservative for both declining and increasing trends (Figure S4.3). Occupancy is a much
stronger predictor of changes in mean species richness, both qualitatively (the
relationship is close to linear) and quantitatively (the deviations from 1:1 are small
(Figure S4.4). Occupancy trends underestimate declines in species richness but overestimate increases. Thus, the findings do not rule out the possibility of substantial
declines in the relative abundance of plants and invertebrates since 1970, as reported
elsewhere (Maskell et al. 2010; Hallmann et al. 2017). These results are also consistent
with the finding that species richness of local communities has changed relatively little
over long periods (Dornelas et al. 2014).
This study take us a step closer to understanding UK biodiversity change but uncovers a
number of questions about the relationship between, and the interpretation of, changes
in species occupancy, abundance and richness, which I only begin to shed light on. It is
clear that occupancy is a valuable tool for assessing change over time, with the
relationship between occupancy and abundance/species richness possibly explaining
why these results do not reflect declines presented elsewhere. Most importantly,
patterns of change are revealed for species that have, in the past, received little attention
in large-scale biodiversity research. However, this presents perhaps one facet in the
multifaceted nature of biodiversity change (McGill et al. 2014).

Figure S4.1: Figure 4.1 of the main text repeated using different thresholds for the number of records that contribute to a species’
estimate. Five thresholds were tested: a minimum of 50 records, 75, 100, 150 and 200 records. Each facet presents composite trends
in average occupancy of five groups of species. Values are scaled to 100 in 1970. Coloured lines show the average response as the
geometric mean occupancy and the shaded area represents the 95% credible intervals of the posterior distribution of the geometric
mean.
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Appendix 4.1: Figure 4.1 repeated using different thresholds for the
number of records
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Table S4.1: The number of species within each major group under each threshold for the
number of records per species. The fact that there is little change to the pattern of
average occupancy over time (Figure S4.1) shows that the vast majority of information
is contained in those species with many records. The inclusion of species with few
records, for example using the 50 record minimum threshold, therefore makes little
difference to the pattern or direction of change.
Group
Freshwater

50
485

75
451

100
433

150
391

200
365

Insects

3168

2790

2524

2173

1913

Inverts

538

497

463

412

366

Plants

1107

1063

1021

952

913

1269

1099

964

787

701

Bryophytes
and lichens

Appendix 4.2: The relationship between species occupancy and
abundance
Species abundance is often the preferred metric for measuring biodiversity change, but
appropriate data of this kind are not available for the vast majority of species nationally
and globally. Species occupancy is a measure of the presence of a species within a
predetermined space and data for estimating species occupancy are more widely
available and can also generate robust estimates of change (van Strien et al. 2013).
However, it is important to consider the differences when comparing trends generated
from occupancy and abundance data, as the two measure different biological processes.
If species occupancy is considered within a 1x1km grid cell and compared to species
abundance within the same grid cell, it is clear that a greater level of change is required
to see a reduction in occupancy than to see a reduction in abundance. All individuals of
a species will need to be lost from that grid cell to see a change in occupancy, whereas
the loss of a single individual will result in a decline in abundance. However, estimates
of occupancy are comparable to trends in abundance as there is a positive relationship
between the two measures, though importantly it is non-linear and the two are not
equivalent (Figure S4.2).
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Here, I simulate the distribution of individuals of a species within a defined space to
visualise the relationship between species’ mean abundance and occupancy. Data were
generated using the sim.fn function provided within the R package AHMbook, this
package is available on CRAN and accompanies the book Applied Hierarchical Modelling
in Ecology. Volume 1 (Kéry & Royle 2016). This function simulates the locations of
individuals within a defined space according to a homogenous Poisson process. In this
example, the size of the overall area monitored (Quad.size in the function) was kept
constant at 10 and the size of the individual sampling units (cell.size in the function) were
set to 1. This resulted in an area of 100 cells in a 10x10 grid. Varying intensities (the
average number of points per unit area), ranging between 0.1 and 6, were used to
produce a spread of data. These intensities represent different species in this example.
200 replicates of each intensity level were produced. The point data was then assessed
to determine the mean abundance and occurrence values across the gridded area.
Plotting the mean abundance and occupancy (estimated here as the proportion of
occupied sites) across these replicates and intensities reveals the basic relationship
between the two metrics (Figure S4.2).

Figure S4.2: Relationship between mean abundance and occupancy from simulated
data. Each point represents a replicate (200 of each intensity (species)), colours
represent species (n = 10). The left panel presents the complete range of values. The right
panel focusses on low values of mean abundance and occupancy. The black line is the
relationship from a Generalised Additive Model (left) and linear model (right).

When mean abundance within a grid cell is low, the relationship is linear (Figure S4.2,
right panel), however, as density increases within a grid cell, the relationship between
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the two metrics becomes shallower (Figure S4.2, left panel). There will be a point at
which the relationship is zero when all cells are occupied (Kéry and Royle, 2016, Chapter
1, section 1.1). The use of occupancy as a proxy for abundance can therefore be useful,
however, it may be wise to consider these estimates as conservative to account for the
lag between changes in occupancy as abundance changes within a cell. In this way,
occupancy trends and abundance trends are not equivalent. The results presented in
this chapter are based on data collected in grid cells of 1x1km so it is likely that changes
in abundance can occur before changes in occupancy are detected.
Using these simulations, the relationship between trends in occupancy and abundance
was also assessed. For a set of 20 species, the sim.fn function was used to estimate overall
species occupancy and abundance in two time periods where the intensities of the
species had increased or declined by a range of values (0.5, 0.6, 0.8, 0.9, 1.1, 1.2, 1.4, 1.5).
In this example, quad.size and cell.size were set to 10 and 1 respectively, as above,
generating an area of 100 grid cells. Intensity values for each species in time period one
were set randomly to a value between 0.1 and 2 (maximum values of 4 and 6 were also
tested), this reduction in the maximum intensity value was to prevent final occupancy
becoming close to one indicating that all squares have been filled. This is unlikely in the
datasets tested in this study and could result in greater underestimation of trends. The
intensity for time period two, to simulate an increase (or decline) was set as the value in
time period one multiplied by the increase or decline value (0.5, 0.6, 0.8, 0.9: decline, 1.1,
1.2, 1.4, 1.5: increase) across all species. 100 datasets were simulated for each time
period and the occupancy and abundance values estimated.

For each repeated

simulation, the overall percentage change in geometric mean occupancy and geometric
mean abundance were calculated across the set of 20 species using the estimates
produced for each time period (Figure S4.3).
Generally, trends in occupancy underestimate both increases and decreases in
abundance (Figure S4.3). This underestimation increases as the maximum intensity
increases. This is due to more squares becoming occupied so occupancy in the second
period is closer to 1, so unable to increase any further. When interpreting trends in
occupancy they will be a conservative estimate of biodiversity change when compared
to that of abundance trends, however, how this relationship changes in more complex
scenarios is not currently known.
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Figure S4.3: The relationship between trends in species abundance and occupancy.
There is a point per simulation (100 points), for 8 levels of change (colours). The dashed
line represents a one-to-one relationship. Intensity here is set to between 0.1 and 2, 4, or
6 (from left to right).

Appendix 4.3: The relationship between species occupancy and
species richness
There is a strong relationship between occupancy and species richness.

This

relationship and how this is reflected when trends in occupancy and species richness are
estimated can be shown through simple simulations. In this simulation, a site by species
matrix of presence/absence data is generated consisting of 1000 sites and 100 species.
For a number of years, in this case 45, each species has a set probability of going extinct
in that square or of colonising a new square each year.
The initial occupancy probability of each species was set by drawing 100 values from a
beta distribution with shape parameters 5 and 20. These initial occupancy values were
then used to draw 1000 estimates from a binomial distribution where the size parameter
is set to 1 and the initial occupancy is used as the probability parameter of the
distribution for each species. This generates the first year’s site by species matrix of
presence/absence data. This matrix is then used to determine the occupancy state of
each of the subsequent years. Each year t, for each species i, the occupancy status, 𝑧𝑖𝑗𝑡 ,
of site j is determined using the following formula:
𝑧𝑖𝑗𝑡 = 𝑧𝑖𝑗𝑡−1 × 𝜑𝑖𝑗𝑡 + (1 − 𝑧𝑖𝑗𝑡−1 ) ∗ 𝛾𝑖𝑗𝑡

(1)
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Where 𝜑𝑖𝑗𝑡 and 𝛾𝑖𝑗𝑡 are probabilities of persistence and colonisation respectively. These
values are drawn from a binomial distribution with selected probabilities 𝑝𝑒𝑥𝑡 and 𝑝𝑐𝑜𝑙
that specify the probabilities of extinction and colonisation of the species at that site
where,
𝜑𝑖𝑗𝑡 ~ Binomial(1, 𝑝𝑒𝑥𝑡 )

(2)

and, 𝛾𝑖𝑗𝑡 ~ Binomial(1, 𝑝𝑐𝑜𝑙 )

(3)

Using this information, it is possible to calculate the geometric mean occupancy and
mean species richness of the site by species matrix after 45 years. Trends in these
metrics are calculated as the percentage change between the first and last year. To
investigate the relationship between increasing trends in occupancy and species
richness, the probability of extinction, 𝑝𝑒𝑥𝑡 , was set to 0.001 and the probability of
colonisation, 𝑝𝑐𝑜𝑙 , was set to 0.001. To investigate the relationship between declining
occupancy and species richness trends the probability of extinction, 𝑝𝑒𝑥𝑡 , was set to
0.005 and the probability of colonisation, 𝑝𝑐𝑜𝑙 , to 0.0002. Examples for both the declining
and increasing trends over 45 years were run and 100 replicates generated.
Figure S4.4 (left panel) shows the positive linear relationship between the two metrics
undergoing this increasing trend. Both metrics are almost perfectly correlated, however,
occupancy does tend to overestimate a positive trend in species richness. A similar
pattern can be observed when trends are declining, Figure S4.4 (right panel), except in
this case species occupancy underestimates the trend in species richness. Species
occupancy can be considered as a comparative measure of biodiversity, due to this
positive relationship, however it is important to be aware that declines will be
underestimated and increases may be overestimated if comparing to change in species
richness.
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Figure S4.4: The relationship between trends in species richness and occupancy. There
is a point per replicate (100). The dashed line represents a one-to-one relationship. Left:
Increasing trends. Right: Decreasing trends.
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Exploring multiple forms of biodiversity trend
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5.1 Abstract
Trends in biodiversity can be measured using a variety of metrics, e.g. alpha and beta
diversity, and across multiple scales. Recently, studies assessing change in biodiversity
at the local and global scale have presented contrasting trends as a result. Clearly metrics
of biodiversity change are dependent on the scale at which they are monitored. To get a
more complete picture of biodiversity, as well as an understanding of the relationships
between metrics, there is a need to compare assessments of change across scales and
metrics. Here, I used the dataset of annual species occupancy estimates (from Chapter
3) to assess biodiversity change in three ways: change in local alpha diversity, change in
regional alpha diversity and change in regional temporal beta diversity. Both increases
in local alpha diversity and declines in regional alpha diversity are presented. These
results are consistent with the contrasting trends across scales that have been observed
and debated in the literature where declines at a global scale and no change at a local
scale are seen in different studies. A positive relationship is then identified between
regional beta diversity and regional alpha diversity indicating that communities of
species that experience little change in species composition are more likely to be resilient
to future changes in occupancy. There has been considerable turnover of species
communities over time with varying rates across taxa.

5.2 Introduction
With human impact on the planet increasing, it seems inevitable that this will have a
negative effect on biodiversity. Indeed, the current geological epoch has been named the
“Anthropocene” due to the persistent and far reaching implications of humans on the
ecology, geology and chemistry of the planet (Dirzo et al. 2014; Lewis & Maslin 2015;
Johnson et al. 2017). The effect of humans on the world has become a huge area of
research which has steadily grown due to the realisation that human well-being is
dependent on the ecosystem services that are underpinned by biodiversity (Millennium
Ecosystem Assessment 2005). This has resulted in increased research into biodiversity
change across multiple scales from local scales to the planet as a whole (e.g. (Vellend et
al. 2013; Dornelas et al. 2014; Newbold et al. 2015; McRae et al. 2017; Hoffmann et al.
2018).
Measuring biodiversity change, however, represents a considerable challenge because
biodiversity itself is multifaceted, encompassing taxonomic diversity as well as
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phylogenetic and functional diversity, each of which can be measured in many ways
(Purvis & Hector 2000; Jarzyna & Jetz 2016). Purvis and Hector (2000) grouped
commonly used measures of biodiversity into three categories. The first is based on
number: whether this is the number of species or the number of alleles, this is a
commonly used metric. Second is evenness, which tries to determine how evenly
distributed individuals are within a population. Third is difference, this compares
communities to determine how alike they are. Within each of these categories there are
many ways in which the facets of biodiversity can be measured.
Focussing on taxonomic diversity, McGill et al. (2014) argue that a complete picture of
trends is only achieved if multiple forms of biodiversity trend and multiple scales of the
observations are considered together. In their paper, the authors present a framework
of biodiversity assessment that recognises fifteen forms of biodiversity trend. This
includes trends in four metrics: alpha diversity (species richness), temporal beta
diversity (the rate of change in community composition over time), spatial beta diversity
(the trend in the change in community composition over space) and abundance or
biomass. The four spatial scales across which these trends can be assessed are: local,
meta-community, biogeographic and global (McGill et al. 2014). There are fifteen forms
of change, rather than sixteen, as spatial beta diversity cannot be measured at a local
scale.
Clearly, the scale at which the measurement is taken (the grain), as well as the size of
study area (the extent) can impact the outcome of biodiversity metrics (Wiens 1989).
However, in the biodiversity change literature, it is the scale (grain) that biodiversity
metrics are measured at that has resulted in contrasting pictures of change, fuelling the
current debate regarding local vs global trends. In these instances, although the extent
of these studies is the planet as a whole, contrasting trends are observed when measured
at a local or global scale. Most biodiversity patterns are known to vary depending on the
scale at which they are measured (Crawley & Harral 2001; Chase & Leibold 2002; Rahbek
2005; Hess et al. 2006), and as a result different values of the same metric across scales
are often observed. For example, plant alpha diversity measured as species richness has
shown mixed trends at a local scale resulting in no net change, an increase at a regional
scale (due to increased colonisation of non-native species) and an overall stability at a
global scale with predicted future declines where extinctions are likely to outweigh
speciation (see Figure 5 of Vellend et al. 2017). Scale dependence has also been observed
in the species richness trends of Dutch and UK hoverflies (Keil et al. 2011). The authors
measured temporal change in species richness across five grid resolutions and found an
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increase in hoverfly richness at fine scales but no significant change at larger scales in
the Netherlands and declines at the fine scale and increases at larger scales for the UK.
Variation in response across scales was also observed for change in the species richness
of NW-European plants and pollinators (Carvalheiro et al. 2013). These differing
patterns are a result of the different processes that dominate across scales. It is
suggested that at local scales species interactions and environmental effects are the
dominant forces whereas at larger scales species colonisations and extinctions are the
driving forces of change (Dornelas et al. 2014; McGill et al. 2014).
As a result of scale-dependence, studies of biodiversity change to date have presented a
mixed picture of trends with positive, stable and negative responses (Sax & Gaines 2003;
McGill et al. 2014). There is a general understanding that, at a global scale, biodiversity
has declined. There has been an estimated decline in vertebrate abundance of 58% since
1970 (McRae et al. 2017), one fifth of the world’s vertebrate species are classified as
Threatened under the International Union for Conservation of Nature (IUCN) Red List
(Hoffmann et al. 2010) and extinction rates in the Anthropocene are estimated to be
between 100 and 1000 times greater than background rates (Pimm et al., 2014). These,
and other global analyses, paint a compelling picture of the loss of biodiversity (Tittensor
et al. 2014; Dirzo et al. 2014). However, studies have also shown that there has been
little to no change in local scale alpha diversity through time: Dornelas et al. (2014)
analysed 100 time series of species assemblages from across the globe but showed that
there has been no systematic loss of alpha diversity. This study, rather than analysing
global scale change by treating data as from a single, global assemblage, is a metaanalysis of local scale assemblages from across the globe. So, the study is fine-grained in
that it measures local assemblages but is large in extent as it samples assemblages from
across the globe. Although an average decline in local species richness was not observed,
Dornelas et al. showed that community composition (temporal beta diversity) has
changed systematically through time. Similarly, Vellend et al. (2013) showed in a global
meta-analysis that local change in the mean species diversity of plants has not changed
over time. This study used a global database of more than 16,000 repeat vegetation
surveys to assess temporal change in local species richness. Newbold et al. (2016) also
found substantial turnover of local species composition, here between differing land use
types when using a global database of species assemblages. The authors also found
differences in alpha diversity, measured as species richness, between land-uses
(Newbold et al. 2015).

Both of these studies used a space-for-time substitution

comparing sites of different land uses to those of primary vegetation. Elahi et al. (2015)
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found an increase in species richness in coastal systems since 1962 when assessing a
dataset of local coastal assemblages with a global distribution. Despite this increase,
there was a negative response to human impacts such as pollution. The fact that the local
signal of change observed in these studies does not match up with what has been
observed at a global scale has sparked considerable debate within the scientific
community (Gonzalez et al. 2016; Cardinale et al. 2018), with criticisms focussed on the
biases of the datasets being analysed rather than on inherent differences with respect to
metric and scale. This variation reveals the complex nature of biodiversity change, which
does not always indicate a negative response, and the need to assess all of its facets.
It is clear that by focussing on one metric of biodiversity or on a single scale, an
incomplete picture of change can be presented resulting in studies that seem to
contradict one another. It is possible that these divergent responses are the result of the
same underlying processes (Hill et al. 2016), with differences between scales likely due
to species losses at the local scale being balanced out by invasions and range expansion
of native species (Dornelas et al. 2014; Hill et al. 2016). However, it is clear that progress
in understanding the nature of biodiversity change requires a holistic approach,
examining patterns and trends across scales and metrics where possible, and a better
understanding of their interlinkages. Therefore, using the dataset of annual occupancy
estimates for UK species generated in Chapter 3, I explore different metrics of
biodiversity change including trends in local alpha diversity, regional alpha diversity and
regional temporal beta diversity and ask whether the observed trends correspond with
those observed in the literature and with current theory. I also ask whether these
metrics are orthogonal or if there is redundancy of metrics by comparing the
relationships between them.

5.3 Methods
I used the dataset of annual UK species occupancy estimates generated in Chapter 3 to
calculate different metrics of biodiversity change for each taxonomic grouping within the
dataset. These groupings represent single families, or groups of families or higher
taxonomic rank that particular recording schemes monitor and include various
freshwater groups, many terrestrial invertebrate groups, vascular plants, bryophytes
and lichens. Here, these taxa are treated as replicates of community level change in
biodiversity.
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This dataset was generated through the analysis of UK occurrence records using a
Bayesian occupancy modelling framework based on the random walk model tested in
Chapter 2. Specifically, the 1000 samples of the posterior distribution for either the GB
or UK level occupancy estimates (whichever was the largest region available) for each
species were used in this analysis. See Chapter 3 for details on the generation of this
model output. Here, all species within the dataset, with the exception of the rove beetles,
were analysed. Due to the lack of data for the rove beetles between 1970 and 1979, this
group has been excluded from the analyses described here. These results therefore
cover 6,488 species from 31 taxonomic groups, unless noted otherwise.
Three metrics of biodiversity change are estimated across each taxonomic group:
average change in species occupancy since 1970 (a proxy for local alpha diversity
trends), community extinction risk (regional alpha diversity) and change in community
similarity since 1970 (regional temporal beta diversity).

5.3.1 Local alpha diversity
Overall change in species occupancy since 1970 is used here as a proxy for change in
species richness. The positive linear relationship between trends in species richness and
trends in average species occupancy has already been explored in Appendix 4.3. Both
metrics are almost perfectly correlated, although occupancy does tend to overestimate
positive trends in richness and underestimate declines in richness. However, this
general positive linear relationship and strong correlation makes occupancy a good
proxy for species richness in this study. This can be considered a local scale metric
because the data that are used to estimate species occupancy are collected at a fine grain
(1x1km), even though the average is estimated across a large extent (the UK). Change in
species occupancy at this local scale will result in the same response when measured as
change in occupancy as would be seen in a change in local species richness. An average
change in local species richness would decrease or increase when a species is lost or
gained in a grid cell, this equivalent response is also present in change in local species
occupancy: average occupancy will decrease or increase when a species is lost or gained
in a grid cell.
To calculate change in occupancy for each taxonomic grouping, the same method was
followed as used in Chapter 4 (see section 4.3.3 of that chapter for more details). This
method used the 1000 samples of occupancy estimates for 1970 and 2015 to calculate
the overall change in average occupancy over the time period assessed. This is carried
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out across the combined posteriors of all species within the taxonomic group for the
largest region monitored (GB or UK), and is expressed as mean change in average
occupancy. Associated credible intervals were expressed as the 95% quantiles. For
simplicity, the lack of overlap of these quantiles with 0 was used to identify the significant
trends.

5.3.2 Regional alpha diversity
Regional alpha diversity is assessed using a simple measure of extinction risk for each
species within each taxonomic group. I estimated the proportion of species within a
taxonomic grouping that have a nonzero chance of going extinct by a set point in the
future. Here, extinction risk is assessed for four future time points: 2050, 2100, 2150
and 2200 by projecting species’ recent trends into the future. As alpha diversity trends
across large scales are a result of colonisations and extinctions, this was deemed an
appropriate measure to assess change at the UK scale. However, as the dataset generated
in Chapter 3 cannot be used to assess future colonisations, only potential extinctions are
estimated. This is considered to be a regional metric as it measures the proportion of
species that have the potential to go extinct across the UK as a whole.
To estimate extinction risk of a species, a simple metric (equation 1) is used based on the
species’ occupancy in the year 2000, the estimated annual growth rate for that species
and the number of years into the future that are being assessed. The year 2000 is used
as this is a period where most species have high levels of data contributing to the
occupancy outputs, offering a more precise and reliable estimate for starting the
projection. Again, the 1000 samples of the posterior estimates from Chapter 3 are used
here.
Not all species had data contributing to their year 2000 occupancy estimate so these
species were excluded. This resulted in a total of 6,464 species out of the total 6,543
species for which extinction risk could be calculated.
To calculate the proportion of sites occupied by species i in year n (future occupancy)
the following equation was used:
𝑓𝑢𝑡𝑢𝑟𝑒 𝑜𝑐𝑐𝑢𝑝𝑎𝑛𝑐𝑦𝑖,𝑛 = 𝑜𝑐𝑐𝑢𝑝𝑎𝑛𝑐𝑦𝑖,2000 (1 + 𝑎𝑔𝑟𝑖 )𝑛𝑦𝑟 ,

(1)

where 𝑜𝑐𝑐𝑢𝑝𝑎𝑛𝑐𝑦𝑖,2000 is the occupancy estimate of species i in the year 2000, 𝑛𝑦𝑟, is the
number of years the future occupancy should be calculated over and 𝑎𝑔𝑟𝑖 is the long-
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term annual growth rate of species i calculated from the 1000 samples of the posterior
of occupancy estimates of that species. This was calculated using equation (2).
𝑓

1
𝑦𝑖

𝑎𝑔𝑟𝑖 = (( 𝑠 𝑖 ) − 1),
𝑖

(2)

where 𝑓𝑖 were the 1000 samples of the final year occupancy values for species i, 𝑠𝑖 were
the 1000 samples of the starting year occupancy values and yi the number of years of
data over which the growth rate is calculated. The growth rate was calculated for each
of the 1000 posterior samples, resulting in 1000 estimates of growth rate. As was carried
out in Chapter 3, only those years that had input data contributing to the occupancy
estimates were used for final and start years here, therefore the y value will vary per
species depending on how many years that species had input data for.
Future occupancy was calculated for each iteration of the 1000 samples of species
occupancy in the year 2000 and using each estimate of annual growth rate, resulting in
1000 estimates of future occupancy. If a species has a future occupancy value (within
those 1000 estimates of future occupancy) of less than the extinction threshold then it is
considered to be at risk of going extinct. The extinction threshold is defined here as a
future occupancy value (proportion of occupied sites) of less than 0.0001: at this point a
species would occupy 1% of 1% of the possible sites (NB there are approximately
250,000 square kilometres in the UK, so this measure of ‘extinction’ corresponds to
fewer than 25 occupied grid cells). Any species with some proportion of the future
occupancy values at or below this threshold are considered at risk from extinction.
For each taxonomic grouping, the final value of regional alpha diversity is the proportion
of species at risk of extinction. One minus this value gives the proportion of species
persisting into the future. This process was carried out for each of the four future time
points tested.

5.3.3 Regional temporal beta diversity
Temporal beta diversity is assessed here as the similarity of occupancy levels each year
compared to the baseline year (1970) and is used to assess the change in community
composition at a regional scale, here the UK. This metric shows how the proportion of
sites occupied by each species changes each year compared to levels in 1970 and how
these changes relate to the different components of similarity: balanced variation and
change in gradients (Figure 5.1) (Baselga 2013). This can be considered as analogous to
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abundance similarity where differing levels of species abundances are of interest. This
measure is considered to be a regional scale metric as it assesses the change in the
proportion of sites occupied by all species across the complete extent of the study.
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Figure 5.1: Example site monitoring of temporal beta diversity presenting the two
components of (dis)similarity: balanced variation and gradients of occupancy levels
measured as the proportion of occupied sites. This figure has been reproduced from
(Baselga 2013) using occupancy estimates in place of abundance estimates. A and B are
examples of sites with estimates of occupancy for two years. Four species have been
monitored each year. Site A shows change in occupancy due to change in the balanced
variation of occupancy between years. Site B shows change in occupancy due to differing
occupancy gradients between years. These two components can also feature together as
well as in isolation, see Figure 1 in Baselga (2013) for a more complete complement of
examples presented using abundance change.

Change in regional temporal beta diversity was therefore estimated across all species
(not including rove beetles), and for each taxonomic group, as the similarity of occupancy
levels of the complete species community each year compared to that in 1970. To do
this, the beta.pair.abun function within the betapart R package was used to calculate the
two components of dissimilarity (Baselga & Orme 2012; Baselga et al. 2017). The
function calculates three metrics of beta diversity, an overall measure derived as the
Bray-Curtis metric of dissimilarity and two partitioned components. These partitions
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are designed to separate out the dissimilarity that is due to a) balanced variation in
abundance and b) abundance gradients. These can be considered as the abundance
equivalents of the turnover and nestedness partitions respectively for dissimilarity
calculated using species richness data (Baselga 2010, 2013). By using the Bray-Curtis
metric on occupancy estimates, rather than abundance estimates, dissimilarity is
considered to be the balanced variation in occupancy and change in occupancy gradients
(Figure 5.1). The balanced variation in occupancy component describes dissimilarity
between years where dissimilarity is due to changes in the proportion of site occupied
by species where for example, one species has declined and another increased by the
same amount. The occupancy gradient component describes dissimilarity between sites
where occupancy has changed by the same amount across species, for example,
occupancy of all species has declined between years. The decomposition of a beta
diversity metric into these two components is desirable as they each measure different
elements of change, not all metrics are sensitive to changes in these components
(Barwell et al. 2015).
To estimate the two components of beta diversity, the median occupancy value per
species per year was extracted from the 1000 samples of the posterior occupancy
estimates. Data were organised in a matrix of median occupancy estimates with a row
per species and a column per year.

This matrix was then assessed using the

beta.pair.abun function. This resulted in a value per year (not including 1970) across all
species and per taxonomic group for overall dissimilarity and each of the two
dissimilarity components. Where dissimilarity was a comparison of that year to the
baseline of 1970. To be consistent with other assessments of beta diversity (e.g.
Dornelas et al. 2014; McGill et al. 2014; Newbold et al. 2016), the values of dissimilarity
have been converted to a similarity score by taking 1 minus the calculated dissimilarity
value.
The assumption here is that change in occupancy can be explained in the same way as
change in abundance, I believe this is feasible as dissimilarity measures are formulated
using matching and intersecting components which can be true of proportions of sites
covered as well as shared numbers of individuals across an area.

5.3.4 Trend categories
The 31 taxonomic groups were grouped into four trend categories (Table 5.1) based on
the direction and significance of the trend in average occupancy, used here as a proxy for
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trend in local alpha diversity (section 5.3.1). These trends are used here as a measure of
overall change in local alpha diversity. Four categories are used: significant increase
(number of groups = 9), significant decline (5), stable (no significant change, 12) and
recovery (5). The groups in the recovery category are the freshwater taxa that have been
identified as presenting a U-shaped trajectory of occupancy over time (Figure 4.4,
Chapter 4: aquatic bugs, dragonflies, mayflies, stoneflies and caddisflies).
Table 5.1: The number of species within each of the 31 taxonomic groupings included in
this analysis and their associated trend category. Trend refers to the overall percentage
change in average occupancy for each group. Values of these estimates are presented in
Figure 5.2. Trends are then categorised according to shape and/or significance of this
trend.
Taxonomic Grouping
Ants
Aquatic bugs
Bees
Bryophytes
Caddisflies
Carabids
Centipedes
Craneflies
Dragonflies
Empid & dolichopodid flies
Fungus gnats
Gelechiid moths
Hoverflies
Lacewings
Ladybirds
Leaf and seed beetles
Lichens
Macro moths
Mayflies
Millipedes
Molluscs
Orthoptera
Plant bugs
Shield bugs
Soldier beetles
Soldierflies
Spiders
Stoneflies
Vascular plants
Wasps
Weevils
Total

Number of species

Trend

29
51
202
569
123
189
22
157
41
228
157
86
219
30
37
145
700
714
35
28
129
24
222
39
31
83
402
25
1,274
167
330
6,488

Stable
Recovery
Stable
Increase
Recovery
Stable
Stable
Stable
Recovery
Increase
Increase
Decline
Stable
Increase
Stable
Stable
Increase
Increase
Recovery
Increase
Decline
Stable
Stable
Stable
Decline
Decline
Decline
Recovery
Increase
Stable
Increase
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For each metric of biodiversity change, values are compared between trend categories
to determine whether there are common responses as a result of the overall trend in
occupancy. Effects of trend on regional alpha diversity and regional beta diversity were
tested using an ANOVA test. Taxa are treated as replicates within each category.

5.4 Results
5.4.1 Change in local alpha diversity
As already seen in Chapter 4, the overall average change in occupancy between 1970 and
2015 was 16% (95% credible intervals: 14, 18%) when estimated across all 6,567
species (although this estimate includes rove beetles this group would be categorised as
stable and so is unlikely to change this overall pattern). Although the average response
across this community of species is of a slight increase in occupancy, there is
considerable variation across taxonomic groups with both significant increases and
declines, as well as U-shaped responses indicative of recovery (Figure 5.2, see also
Chapter 4).

Chapter 5

| 150

Figure 5.2: The percentage change in occupancy between 1970 and 2015 per taxonomic
grouping. Colours represent each of the four trend categories: significant increase
(green), non-significant/stable (grey), significant decline (red), u-shaped recovery
(yellow). This figure presents the overall group level change in occupancy also estimated
in Chapter 4.

It is clear that there is not one shared response of change in local alpha diversity across
groups that results in the average increase across the whole community, as expected:
there is considerable variation. However, the all species average increase as well as the
variation in local scale trends per taxa (some increases, some declines, and some stable)
is consistent with the theory and associated literature that shows local change in alpha
diversity does not necessarily follow the declines observed at a global scale.

5.4.2 Change in regional alpha diversity
Overall, 1.6% of the 6,464 species assessed are at risk of going extinct by 2100 and 5.8%
by 2200. For some taxa, the potential loss of species over time is gradual, for others there
are great losses of species between certain years (Figure 5.3). Interestingly, the two
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taxonomic groups that could experience the greatest reduction in species richness in the
UK are not within the significant decline category but are in the stable category. This
highlights the fact that there is substantial variation in species-specific trends that is not
evident from the observed average. Again, there does not seem to be a common response
across groups, but considerable variation both between taxa and between trend
categories.

Figure 5.3: The proportion of species in each taxonomic group that will persist over time,
with one facet per trend category. Each line represents a taxonomic group. Results
identifying taxa specific responses in this figure are presented in Appendix 5.1.

It is not possible to assess the overall change in regional alpha diversity due to the fact
that future colonisations are not accounted for in this analysis. However, it is clear that a
considerable number of species are at risk of extinction in a short time frame and not only
from the obviously declining groups. If colonisations could be included, the theory and
literature suggest that extinctions may be balanced by colonisations at this scale.
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5.4.3 Change in regional temporal beta diversity
Overall, the community of UK species analysed here has become increasingly less similar
to that of 1970, with a reduction of 23% since 1970 with 20% of this change attributable
to balanced variation in occupancy and 3% to changes in occupancy gradients. The fact
that this change in compositional similarity is mainly a result of change in balanced
variation in occupancy indicates that the community has changed in terms of species
dominance rather than overall declines in occupancy across all species.
The extent of the changes in similarity since 1970 and therefore the rate of this change
varies, with some communities experiencing greater reductions in similarity than others
(Figure 5.4). Overall similarity metrics in 2015 vary from 0.91 to 0.61 across taxa
replicates, where 1 is completely similar. No pattern is evident within or between trend
categories. Groups which show high rates of change in temporal beta diversity include
the vascular plants, lacewings, shield bugs and ladybirds.
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Figure 5.4: Overall change in temporal beta diversity (Bray-Curtis) of species
communities since 1970. Colours represent each of the four trend categories: significant
increase (green), non-significant/stable (grey), significant decline (red), u-shaped
recovery (yellow). Lower values indicate a 2015 community that is less similar to that of
1970.

When taxa are grouped according to trend categories, there are some common patterns
of change in similarity over time (Figure 5.5).

Generally, change in similarity is

attributable to the balanced variation component, again indicating a turnover of species
rather than overall loss. This is not true however, for those groups that present a Ushaped recovery pattern. In this case there are high levels of similarity change due to
differences in occupancy gradients during the early declining phase. There is then a
switch in later years to a stronger influence of change in occupancy gradients. This fits
with what has been observed in terms of change in average occupancy (Chapter 4), with
strong declines in the first half of the time series, which is due to the overall reduction of
species occupancy as shown here, followed by a recovery of species occupancy when
turnover of those species becomes the more dominant factor in community change.

Chapter 5

| 154

Figure 5.5: Change in community similarity over time compared to 1970. A smaller
value indicates reduced similarity compared to 1970. The two metrics of partitioned
beta diversity are shown here. One line per taxa, facet per trend category. Balanced
variation describes the change in occupancy, which is balanced across species, where
declines in some are equalled by increases in others. Occupancy gradients on the other
hand refer to change that is common across species, including a common decline or
increase in occupancy. Results identifying taxa specific responses in this figure are
presented in Appendix 5.1.

There has been little research into regional scale change in temporal beta diversity,
however, the findings here suggest that there is considerable change in community
composition occurring, the rate of which differs across taxa. Most of this change is due
to the turnover of species within communities, although there are examples of change
due to overall reduction in community occupancy, as seen here for the recovery category.
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5.4.4 Relationships between metrics
So far, it appears that there is not a common response across taxonomic groups in terms
of trends across the three biodiversity metrics measured here. However, there have
been some commonalities within metrics including the high proportion of community
similarity due to change in occupancy gradients in the recovery group and of balanced
variation in occupancy for the decline, increasing and stable groups.
There were no significant effects of trend on either regional beta diversity or regional
alpha diversity when assessed using an ANOVA test: effect of category on regional beta
diversity p = 0.395, effect of category on regional alpha diversity, p = 0.882.
Comparing values for each of the three diversity metrics covered here reveals that there
is a positive relationship between regional beta diversity and regional alpha diversity
(Pearson’s correlation coefficient = 0.72, p < 0.001, Figure 5.6). This indicates that the
smaller the change in compositional similarity over time the more likely species are to
persist into the future. Unexpectedly, there is little correlation between trends in local
and regional alpha diversity.
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Figure 5.6: Relationships between each metric: average occupancy trend between 1970
and 2015, overall similarity of occupancy levels in 2015 compared to that of 1970, and
the proportion of species persisting into 2200. The bottom panels show the Pearson’s
correlation coefficients for each pair of metrics. Colours represent each of the four trend
categories: significant increase (green), stable (grey), recovery (yellow) and significant
decline (red).

5.5 Discussion
Divergent patterns of change in local biodiversity and of global biodiversity have created
considerable recent debate in ecology (Gonzalez et al. 2016; Cardinale et al. 2018). Local
scale trends in alpha diversity generally show no change, or considerable variation in
trends (Vellend et al. 2013; Dornelas et al. 2014; Elahi et al. 2015) and global scale
studies show strong declines in biodiversity (Dirzo et al. 2014; McRae et al. 2017). This
has highlighted the fact that to get a complete picture of biodiversity change, multiple
metrics across multiple scales must be considered and their interlinkages better
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understood (McGill et al. 2014). Although it is possible to observe these differing trends
as a result of the same underlying processes (Hill et al. 2016), where possible, studies
should try to investigate multiple metrics of change across scales using the same data to
determine the overarching relationships. Using the estimates of species occupancy over
time for over 6,000 species generated in Chapter 3, the patterns of and relationships
between three biodiversity metrics across two scales have been explored.
The results of this study, by analysing change in alpha diversity across two scales (local
and regional) across the UK, have shown how it is possible to get contrasting trends
across scales. On average, local alpha diversity in the UK has increased and across taxa
replicates varies considerably, whereas at a regional scale a high proportion of species
were shown to be declining with a possibility of going extinct in the future. It is the fate
of these declining species that contribute to regional scale declines, which are
overlooked when trends are averaged at a local scale. Both Vellend et al. (2013) and
Dornelas et al. (2014 have presented local scale trends that do not show a decline in
biodiversity, and their studies have been criticised (Gonzalez et al. 2016). By using the
same dataset to look at change in diversity across scales, I show how it is possible to
observe differing trends to those seen at the global scale.
Although the assessment of regional alpha diversity is not complete, as it was not
possible to include future regional-scale colonisations, it was shown that over 5% of the
species analysed are at risk of going extinct by 2200. Should potential colonisations not
balance out or overcome these extinctions then regional change in alpha diversity will
be consistent with global scale declines. Although this measure is constrained to decline,
there are interesting patterns in differences between trend categories, for example and
perhaps surprisingly, two of the greatest declines in species persisting to 2200 were of
two taxa in the stable category: hoverflies and ladybirds. This shows that the greatest
losses of future species are not identifiable from group level local scale averages.
At a regional scale there has been considerable change in the composition of the regional
species assemblage over time (temporal beta diversity). The rates of change differ
considerably across taxa. Some turnover in community composition is expected, and the
results here have not been compared to that of a null model such as in Dornelas et al.
(2014), so it is not known whether these rates of change differ from what is expected.
However, it is possible to see that some taxa have experienced greater change in
community composition than others. It is the vascular plants that present the highest
rate of change across groups, being most dissimilar to the composition of the community
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in 1970. Whether this change is greater than expected under a null model however
cannot be said. Overall, and for three of the four trend categories, change in similarity is
primarily due to balanced variation in occupancy levels. This is indicative of turnover of
the species community, rather than an overall reduction or increase in occupancy. This
is consistent with studies of local assemblages which have also shown high levels of
species turnover (Dornelas et al. 2014; Newbold et al. 2016). Contrastingly, the recovery
group showed a reduction in similarity in early decades primarily due to change in the
occupancy gradients, indicating all species changing in occupancy levels. Then similarity
change due to balanced variation in occupancy levels became more pronounced in recent
decades. When assessed alongside the change in average occupancy over time seen in
Chapter 4, it is clear that this reduction in similarity in the early decades is due to a
decline in average occupancy which then increases again in the second half of the time
series. These patterns could indicate the loss and then recovery of pollution sensitive
species. Improvements in water quality have been linked with such observations when
assessing freshwater invertebrate family richness (Langford et al. 2009; Vaughan &
Ormerod 2012).
When assessing differences in metric according to trend category there were no
significant effects of trend on either regional beta diversity or regional alpha diversity
(assessed using an ANOVA test for effect of category on regional beta diversity, p = 0.395,
effect of category on regional alpha diversity, p = 0.882). So, although there may be
variations in local alpha diversity, these trends do not have an effect on regional beta or
alpha diversity. A trend in local alpha diversity cannot therefore predict how other
metrics of biodiversity have changed for the groups included here.

The positive

correlation (Pearson’s correlation coefficient = 0.72, p < 0.001) between the regional
beta diversity and regional alpha diversity metrics (Figure 5.5) indicates that
communities that change little over time in terms of their species composition are more
resilient to long-term declines. Although turnover of species communities over time is
expected, higher than expected rates of turnover have been observed at a local scale
(Dornelas et al. 2014). It is possible that these changes in species dominance and
competition, as species within a local area are replaced by others, lead to reduced
stability of the community when they occur within a short period of time. This change
in the local community could result in the extinction of locally rare species if they cannot
adapt to these ongoing changes quickly enough. Further study into the relationships
between metrics, such as that executed here, will help to uncover the drivers of these
patterns.
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There are a number of unique responses that stand out in Figure 5.6: for example the
soldier beetles are within the declining category having experienced a 27% decline in
average occupancy since 1970, however none of the species in this group are at risk of
extinction by 2200. Other groups with no species at risk of extinction are the fungus
gnats, millipedes and centipedes. Conversely, the vascular plants have increased in
average occupancy (by 32%) yet have one of the lowest proportions of species persisting
into 2200 (83%). The two groups with the highest proportions of species at risk of
extinction are the mayflies and ladybirds. Clearly there is considerable variation within
groups that is not obvious when assessing average change. It is important to consider
this when evaluating conservation action. The number of species within each group
(Table 5.1) may influence this variation as you would expect more variation to be
apparent in groups with more species, such as the vascular plants.
The method used for the estimation of extinction risk is a simplistic one. It does not take
into account any future change in species habitat availability, land use or climate. The
assumption is made that species will continue on a linear trajectory according to their
growth rate into the future. Although this is unlikely, it highlights the possible trajectory
of species as reflected from their current state.

As well as the possibility of

improvements, there is also the possibility of circumstances that lead to a worse result
than that presented here. The use of linear growth rates also presents a problem for the
species that have experienced a recovery phase following a decline, such as that
demonstrated by the recovery groups. Although a recovering species may seem to have
changed very little according to its growth rate should it be back towards its starting
levels, the recovery trajectory may be a better indication of future trends. Species
similarly responding but have not reached baseline levels may appear to be declining
when in fact they are recovering from the earlier decline. There is also likely to be much
more variation in final occupancy values than is expressed here. By using the average
annual growth rate, any extreme good or bad years have been averaged out. By not
incorporating interannual variation, the fluctuations in occupancy will have been
reduced.
From this study it has been possible to gain a better understanding of change in UK
biodiversity through the analysis of multiple forms of biodiversity trend across two
scales: local and regional. I have shown that it is possible to observe contrasting trends
across scales through the investigation of local and regional scale change in alpha
diversity. Although no similarities in response across trend category were identified, a
positive relationship between regional beta diversity and regional alpha diversity
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highlights a possible link between community stability and resilience. Further studies
into the relationships between metrics and across scales would continue to aid in the
understanding of contrasting local and global diversity trends.

Appendix 5.1: Figures redrawn with taxonomic groups identified

Figure S5.1: Figure 5.3 redrawn identifying the taxonomic group level responses.
Change in community similarity over time compared to 1970. A smaller value indicates
reduced similarity compared to 1970. The two metrics of partitioned beta diversity are
shown here. One line per taxa, facet per trend category. Balanced variation describes
the change in occupancy, which is balanced across species, where declines in some are
equalled by increases in others. Occupancy gradients on the other hand refer to change
that is common across species, including a common decline or increase in occupancy.
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Figure S5.2: Figure 5.4 redrawn identifying the taxonomic group level responses. The
proportion of species in each taxonomic group that will persist over time, with one facet
per trend category. Each line represents a taxonomic group.
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What is the effect of ammonia and biochemical
oxygen demand on the meta-population
dynamics of freshwater macroinvertebrates?
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6.1 Abstract
Freshwater systems in the UK have seen improvements in water quality since the
industrial revolution and more recently since the implementation of the Urban Waste
Water Treatment Directive.

This directive has resulted in improvements in the

treatment of waste water, reducing levels of harmful pollutants such as ammonia in
rivers. Local or family level studies of aquatic taxa provide circumstantial evidence that
improvement in water quality has led to increases in freshwater macroinvertebrate
diversity, however these effects have not been tested directly. Here, I use a multispecies,
dynamic, Bayesian occupancy model to test the effect of biochemical oxygen demand and
ammonia concentration on the meta-population dynamics of freshwater invertebrates
using UK biological records and Environment Agency data on water quality. Testing of
two model variants showed that an assessment of water quality on the persistence and
colonisation of freshwater macroinvertebrates is possible. I found negative effects of
biochemical oxygen demand on the colonisation of mayflies and a number of negative
effects on specific stonefly and mayfly species were identified. Lack of convergence of
the model parameters and problems with identifiability however indicate that further
development and testing of the model is required, so these results should be considered
preliminary. This study reveals the potential of using occurrence records to investigate
drivers of change in average occupancy. This has the potential to show the positive
impact of environmental legislation on biodiversity change and the on-going recovery of
freshwater invertebrate species in the UK as a result.

6.2 Introduction
Freshwater systems represent less than 1% of the Earth’s surface, yet they are home to
almost 6% of known species (Dudgeon et al. 2006; Strayer & Dudgeon 2010). For such
a small area, these systems provide a significant proportion of the world’s ecosystem
services, with wetlands, lakes and rivers estimated to contribute close to 20% of the total
global value of ecosystem services (Costanza et al. 1997). Yet freshwater systems are
under considerable pressure from human-induced drivers of change including pollution,
overexploitation of food species, invasive species, water extraction, and habitat
degradation (Dudgeon et al. 2006). As a result of these pressures, the abundance of
freshwater vertebrates has declined by 81.5% globally (McRae et al. 2017) and almost
one in three freshwater species is threatened with extinction (Collen et al. 2014).
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In particular, UK freshwater systems have faced a long history of intensive use and
pollution. The Industrial Revolution of the 18th and 19th centuries was a period of intense
pressure on freshwater habitats. This led to the dramatic deterioration of water quality
as a result of increases in industrial and domestic waste discharges into rivers. This gave
rise to rivers that were devoid of life and a danger to public health (Johnstone & Horan
1996). Indeed many stretches of river became so polluted that all fish were lost from
them, particularly in areas downstream of large industrial cities (Harkness 1982; Sheail
2000). In response to this severe deterioration in freshwater quality, legislation began
to be established to deal with waste entering water systems and by 1915 the first
standards for effluent discharge were established (Johnstone & Horan 1996). Over time
further legislation, as well as, the decline of heavy industry and coal-gas production, have
facilitated considerable improvements in water quality. Consequently, a number of
rivers have experienced the recovery of fish populations in previously empty stretches
(e.g. Turnpenny and Williams, 1981), and cleaner systems have promoted the growth of
UK otter populations (Mason & Macdonald 2004).
Although much of the general improvement in freshwater systems occurred some
decades ago, with the reduction of water-polluting industries and the implementation of
sewage treatment, more recent advances in the processes for waste water treatment
have had further positive effects on water quality (Crawford & Wangsness 1992; Arce et
al. 2014).

The improvement of waste water treatment processes and their

implementation across the country, have been driven by the enactment of the Urban
Wastewater Treatment Directive (UWWTD) (1991/271/EEC). The directive sets out
particular requirements for the treatment of sewage effluent with the aim of reducing
the levels of pollutants entering water systems (Zabel et al. 2001). This directive
requires the use of specific types of sewage treatment with effluent meeting a minimum
standard depending on the sensitivity of the water system the effluent is released into
(Zabel et al. 2001). Improvements in the treatment of sewage effluent in the UK were
occurring before the implementation of the UWWTD, however the directive ensured that
compliance to the set standards had to be achieved by 1994, speeding up the
improvement process. Improvements in water quality have therefore continued with
positive outcomes for biodiversity (Crawford & Wangsness 1992; Murphy et al. 2014;
Arce et al. 2014).
Durance & Ormerod (2009) found that improvements in water quality in southern
English streams had likely resulted in a net increase in the abundance of freshwater
invertebrate families, as well as an increase in taxa known to prefer well-oxygenated
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conditions. Localised recovery of macroinvertebrate species has also been documented
in the UK between 1988 and 2008 with the recolonization of streams and lakes by acid
sensitive species (Murphy et al. 2014). Recovery has also been observed in three rivers
in the UK Midlands between 1952 and 2004 where a reduction in biochemical oxygen
demand (BOD) and ammonia (NH3) was measured alongside an increase in the number
of macroinvertebrate families present and an increase in the observation of pollutionsensitive species (Langford et al. 2009). Each of these studies present localised recovery
of freshwaters exemplified by the increase of macroinvertebrate families present or in
the recolonization of pollution sensitive species.
At a national scale, two studies by Vaughan and Ormerod show that since 1991 there has
been an increase in the prevalence and richness of pollution sensitive taxa in the rivers
of England and Wales (Vaughan & Ormerod 2012, 2014).

They attribute these

improvements to the decline in BOD and orthophosphate that has occurred as a result of
the reduction of pollutants in rivers but do not directly test the effects of these pollutants
(Vaughan & Ormerod 2014). These are the only national scale studies to address the
changing water quality and its effect on macroinvertebrate biodiversity. They are,
however, limited in that they do not include information before 1991. Extending the time
period of these studies to previous decades would allow the assessment of the
implementation of the UWWTD and the accompanying improvements in the treatment
of sewage effluent. These studies have also only been able to assess macroinvertebrate
assemblages to the family level, meaning that species level responses are still unknown.
The direct assessment of water quality on these systems has not been fully addressed,
with circumstantial evidence of improvements due to water quality being inferred from
the presence of pollutant sensitive species. The explicit effects of water quality on
biodiversity is therefore still unknown. Existing research is largely based on observation
rather than explicit testing, so there is a need for a mechanistic understanding of the
observed improvements to freshwater biodiversity.
In Chapter 4, the pattern of change in average species occupancy of freshwater species
was driven by invertebrate groups including aquatic bugs, mayflies, stoneflies and
caddisflies.

This U-shaped response is indicative of a national-scale recovery of

freshwater biodiversity, likely to be highly influenced by improvements in water quality.
It is probable that high levels of pollutants resulted in local extinctions and so the decline
observed between the 1970s and the mid-90s. Subsequently, the implementation of the
UWWTD will have contributed to the reduction in pollutant levels which could have a
direct positive effect on species persistence and colonisation resulting in the recovery
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observed since. By combining the analysis of UK occurrence records of stoneflies and
mayflies (two groups that are known indicators of clean water) with data from the
Environment Agency on levels of BOD and ammonia using a Bayesian, multispecies,
dynamic occupancy model, I address the following questions: 1. what is the effect of BOD
and ammonia on the persistence and colonisation of freshwater invertebrates in the UK?
Although high levels of pollutants such as ammonia, and as a result BOD, are known to
negatively affect the persistence of stoneflies and mayflies, it is not clear which has a
greater effect. It is also likely that levels will affect species ability to colonise new sites
which would affect the recovery process. These effects are currently unknown. 2. How
has persistence and colonisation changed over time as a result of this effect? 3. Can
pollution-sensitive and -tolerant species be identified from this model? Those species
that are more tolerant of BOD and ammonia are likely to be more resilient to change and
so be key in the maintenance of ecosystem functioning under future perturbations
(Oliver et al. 2015a).

The results of this analysis will provide a mechanistic

understanding of how water quality affects the maintenance and growth of
macroinvertebrate populations.

6.3 Methods
6.3.1 Species occurrence records
Species occurrence records were collated via the Biological Records Centre, Wallingford
for two freshwater insect taxa: stoneflies (Plecoptera) and mayflies (Ephemeroptera).
These data are presence-only records collected by volunteers of the Riverfly Recording
Scheme (www.riverflies.org/riverfly-recording-schemes, Table 6.1).

Records of a

species consist of information on what species was seen, the location of the observation
and the date it was observed. Additional records were collated from the iRecord
database to supplement the scheme data (www.brc.ac.uk/irecord/). Further details on
this form of data can be found in Chapter 3. These two taxa are within the freshwater
group analysed in Chapter 4 and show a U-shaped trend in average occupancy when
assessed separately from the rest of the freshwater group. Since the aim of this study is
to determine the effects of drivers of change on species meta-population dynamics, two
example groups with smaller samples sizes, but comprising species known to be
sensitive to pollution, were considered appropriate. Due to the complexity of the model,
larger datasets were not able to be run due to high memory requirements.
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Due to the absence of a standardised sampling protocol for record collection, the data
can vary substantially in the resolution of the records. Data were therefore standardised
to ensure records met the requirements of the model. As in Chapter 3, this involved
selecting records where the precise date of the record was known to the day, the location
of the record was known to a 1x1km grid cell precision and only data from 1970 onwards
were used. Each dataset was organised and analysed separately to reflect the fact that
data are usually collected separately for each taxa under a distinct recording scheme for
that group. As in Chapter 3, before running the model, the data were filtered to ensure
that only sites with at least two years of data were included in the analysis, this was to
ensure that only data with information on change over time were included. Finally,
records were only used if the site of that record also had corresponding information on
water quality (see next section). Water quality data were available for England and
Wales only (Figure 6.1). This meant that the occurrence record datasets analysed here
were a subset of those analysed in Chapter 3 and whose responses are presented in
Chapter 4 and 5. Following the threshold for inclusion in analysis used in Chapters 4 and
5, only those species with a minimum of 50 records were included in the dataset.
Compared with occurrence records of other taxa analysed in this thesis, the subsets of
data for the stoneflies and mayflies present different biases in space (Figure 6.1). Where
occurrence records generally tend to be from southern England, these subsets show
clusters of records in the Midlands and northern England. The stoneflies in particular
have very few records in the south and east of England.
Table 6.1: Details on the datasets used for each taxonomic group including the scheme
from which data were collated, the number of species in the final dataset analysed and
the number of records, sites and years, and the year range of the final datasets. Note that
these datasets are a subset of those analysed in Chapter 3. Only sites with available data
on water quality were used in the analysis.
Taxonomic
Recording Scheme
Group
Stoneflies
Riverfly Recording
Scheme: Plecoptera
Mayflies
Riverfly Recording
Scheme:
Ephemeroptera

Species Records

Sites

Years

21

25,133

891

31

23

53,273

1,927

41

Year
range
1980 2010
1975 2015
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Figure 6.1: Map of the UK showing the locations of sites for which species records and
water quality data were available. Blue squares represent the 1x1 km grid cells covered
by the occurrence record datasets analysed in this chapter.

As in Chapter 3, the occurrence records were organised into detection histories per visit
(a unique combination of site and date). This consisted of a row per visit and a column
per year with detections noted as 1s and non-detections as 0s. As carried out previously,
non-detections were inferred from the detection of other species within the taxonomic
group and the non-detection of the species of interest. The detection histories and
information on the list length (the number of species recorded on a single visit) were
taken forward for analysis.

6.3.2 Water quality data
This study uses Environment Agency water quality data from the Water Quality Archive
(Beta) (http://environment.data.gov.uk/water-quality/index.html).

These data are

collected regularly across monitoring sites in England and Wales. All data were initially
downloaded and then filtered according to the following criteria: non-estuarine
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freshwater sites only, this included samples for rivers and running surface water and
pond, lake and reservoir samples. Unplanned samples, for example those taken after a
pollution event, were removed as isolated pollution incidents are not representative of
the typical range of conditions at a site. Data on biochemical oxygen demand and
ammonia were extracted directly from the dataset: biochemical oxygen demand
(henceforth BOD) was measured as the 5 day average in mg/l and ammonia measured
in unionised mg/l. The location of the samples was standardised to a precision of 1x1km
to match the grid reference structure of the occurrence records. Sites were subset to
those with available occurrence records.
According to advice received from the Environment Agency, zero values of these
measurements are not considered to be true zero values and should be considered as
measures below the detection limit. These were, therefore, set to half the lowest
detection limit presented within the dataset. Similar treatment was also given to those
measurements that were explicitly noted as below the detection limit: these records
were represented by the symbol “<” before the measurement value. In this case, these
values were set to half the specified detection limit, for example if the measurement
value was < 0.005, this would be converted to 0.0025.
The log of these estimates was taken and, as there was often more than one sample for
each 1km square site/year combination, a geometric mean of the samples for each site
in each year was estimated. It was this average of the log values that was used within
the model and the number of samples that contributed to this average value was also
incorporated (see next section). This was carried out in order to get a single value per
site/year combination that could be used within the model to represent the typical levels
of BOD and ammonia at each site, each year. In doing this, the assumption is that species
population dynamics will largely be driven by the average levels at a site rather than any
transient, extreme levels (which is of course quite possible biologically too). The use of
the water quality data in this way doesn’t take into account any seasonality in water
chemistry, it may be that variations in water quality have a greater effect during certain
stages of the organism’s life cycle. However, as a first investigation into the ability of
occurrence records to explore drivers of change, a representation of average water
quality per site/year combination was deemed appropriate. An alternative could be to
look at the maximum values for each site/year to determine the effects of extreme levels
of pollution.
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Two tables, one for BOD and one for ammonia, detailing the average value at each site
for each year were taken forward for analysis.

Cells within these tables where

information on water quality was missing were recorded as NA. Another table, with the
number of samples from which the average value of BOD and ammonia for each site/year
was estimated was also prepared for use in the model. Where no data were available, i.e.
where sample vales were NA, the number of samples was set to 0.
6.3.3 The multi-species, dynamic, Bayesian occupancy model
A multi-species, dynamic, Bayesian occupancy model was used to assess the effect of
ammonia and BOD on the colonisation and persistence of freshwater invertebrate
species in England and Wales. An occupancy model was considered to be the most
appropriate method for this analysis as it is important to be able to separate the
ecological processes governing species occurrence from the observation processes
underlying species detectability (MacKenzie et al. 2006). This is essential as the input
data for the model are occurrence records of species where detection is imperfect. If not
accounted for properly, imperfect detection can result in the estimation of false trends
(Guillera-Arroita et al. 2014). The model employed here is multi-species as it is run
across the complete dataset of all species with species-specific parameters that form
random effects (Kéry & Royle 2008; Ruiz-Gutiérrez et al. 2010; Dorazio et al. 2010). This
is in contrast to the model fit in Chapter 3 which was run separately for each species.
The random-effects formulation enables information to be shared across species,
borrowing strength from those with more information and increasing the precision of
estimates as a result. By using a dynamic model, it is possible to estimate the metapopulation dynamics of the system including species colonisation and persistence (e.g.
Royle & Kéry 2007; van Strien et al. 2011). Occupancy is modelled at a 1x1km square
resolution each year at sites across England and Wales for each taxonomic group of
interest (stoneflies and mayflies).
The models tested here are based on the model used in a national scale study of the effect
of neonicotinoids on the population dynamics of bees (Woodcock et al. 2016) and has
been adapted for the purposes of this study. The model detailed here should therefore
be considered as preliminary in nature. Two variations of the model are tested,
representing just two of many alternatives that could be fitted and that it would be
necessary to explore (and test, as in Chapter 2). This work therefore represents the first
step of a national-scale analysis of the effects of changing water quality on freshwater
biodiversity.
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The model used is specified in the following hierarchical form with two sub models: the
state model describing the true occupancy state of a site and the observation model
describing the detection process underlying the data. Within the state model, described
by equations (1) to (5), the true occupancy state, 𝑧𝑖𝑗𝑡 , of species i, at site j in year t is
described as:
𝐵𝑒𝑟𝑛𝑜𝑢𝑙𝑙𝑖(𝜓𝑖 )
𝑓𝑜𝑟 𝑡 = 1
𝑧𝑖𝑗𝑡 ~ {
𝐵𝑒𝑟𝑛𝑜𝑢𝑙𝑙𝑖(𝜓𝑖𝑗𝑡 ) 𝑓𝑜𝑟 𝑡 > 1

(1)

Where the probability of occurrence in year 1 (initial occupancy), 𝜓𝑖 , is:
𝜓𝑖 ~ 𝑈𝑛𝑖𝑓𝑜𝑟𝑚(0,1)

(2)

And the probability of occurrence in consecutive years, 𝜓𝑖𝑗𝑡 , is modelled as a function of
the previous year’s occupancy 𝑧𝑖𝑗𝑡−1 where unoccupied grid cells can be colonised with
a probability 𝛾𝑖𝑗𝑡 and occupied grid cells can persist with a probability 𝜑𝑖𝑗𝑡 :
𝜓𝑖𝑗𝑡 = 𝑧𝑖𝑗𝑡−1 × 𝜑𝑖𝑗𝑡 + (1 − 𝑧𝑖𝑗𝑡−1 ) × 𝛾𝑖𝑗𝑡

(3)

The probabilities of persistence and colonisation are then modelled as a function of the
two covariates, BOD and ammonia, in the previous year, and a year effect:
logit(𝜑𝑖𝑗𝑡 ) = 𝛽0𝑖 + 𝑎𝑡 + 𝛽1𝑖 × 𝐵𝑂𝐷𝑗𝑡−1 + 𝛽2𝑖 × 𝐴𝑀𝑗𝑡−1

(4)

logit(𝛾𝑖𝑗𝑡 ) = 𝛽3𝑖 + 𝑏𝑡 + 𝛽4𝑖 × 𝐵𝑂𝐷𝑗𝑡−1 + 𝛽5𝑖 × 𝐴𝑀𝑗𝑡−1

(5)

Parameters 𝛽0𝑖 and 𝛽3𝑖 are species specific intercepts that describe the overall
persistence and colonisation probabilities when BOD and AM are zero. Terms 𝑎𝑡 and 𝑏𝑡
are random year effects. Parameters 𝛽1𝑖 and 𝛽2𝑖 estimate the species specific effects of
BOD and AM respectively on persistence, and 𝛽4𝑖 and 𝛽5𝑖 estimate the species specific
effects of BOD and AM on colonisation. If a species has a negative value for any of these
latter four parameters, then its persistence and/or colonisation probabilities are
reduced under high levels of BOD and/or ammonia. These parameters are monitored
for each species and results presented in Figure 6.5 and Figure 6.6.
The species specific parameters (all 𝛽 parameters indexed for each species i) and state
model year effects are treated as random effects drawn from a normal distribution with
an overall mean and variance estimated from the data for each parameter, presented for
𝛽1𝑖 here as an example:
2
𝛽1𝑖 ~ 𝑁𝑜𝑟𝑚𝑎𝑙(𝜇𝛽1 , 𝜎𝛽1
)

(6)
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In this way it is assumed that species in the dataset are drawn from a population of
species whose effects vary around the overall mean 𝜇𝛽 . My specific hypothesis is that
this mean effect of each of the four 𝛽 parameters will be negative, i.e. both persistence
and colonisation are on average lower in sites and years with high levels of BOD and
ammonia.

The distribution of these overall mean values (𝜇𝛽1 , 𝜇𝛽2 , 𝜇𝛽4 , 𝜇𝛽5 ) are

therefore monitored and presented in Figure 6.3.
The observation model, describing the detection process underlying the data, is
conditional on the true occupancy state of a site, 𝑧𝑖𝑗𝑡 ,:

yik|𝑧𝑖𝑗𝑡 ~ Bernoulli(𝑝𝑖𝑘 . 𝑧𝑖𝑗𝑡 )

(7)

where pik is the probability that a species will be recorded during a visit, k, given that the
species is present and the observation, yik, is then drawn from a Bernoulli distribution
conditional on the true occupancy state. The assumption here is that there are no false
positive observations of a species (i.e. incorrect species identifications). The variation in
detection probability, 𝑝𝑖𝑘 , is then described as follows:
𝑝𝑖𝑘
)
1−𝑝𝑖𝑘

logit(𝑝𝑖𝑘 ) = log (

= 𝑐𝑡 + 𝛽6𝑖 + 𝛽7𝑖 × 𝑑𝑎𝑡𝑎𝑡𝑦𝑝𝑒2𝑘 + 𝛽8𝑖 × 𝑑𝑎𝑡𝑎𝑡𝑦𝑝𝑒3𝑘 , (8)

𝑐𝑡 denotes a random year effect, 𝛽6𝑖 is the baseline probability of detecting focal species
i on a list of length 1 and 𝛽7𝑖 and 𝛽8𝑖 describe the change in detection probability of a
species if it is recorded on a list of length 2-3 (datatype2) or of length 4+ (datatype 3)
respectively (van Strien et al. 2013). 𝑑𝑎𝑡𝑎𝑡𝑦𝑝𝑒2𝑘 and 𝑑𝑎𝑡𝑎𝑡𝑦𝑝𝑒3𝑘 are binary variables
that take a value of 1 if the list length of visit k is 2-3 or 4+ respectively, and will be 0
otherwise. List length is used here as a proxy for sampling effort (Szabo et al. 2010).
Half-Cauchy hyperpriors were set as described in Chapter 2.
The model formulation here is complex in that it comprises many parameters and
includes covariates on both persistence and colonisation. As the occurrence records for
the taxa studied here are relatively sparse, it is possible that problems with identifiability
will occur due to the combination of model complexity and the potential lack of data.
Specifically, there may be multiple combinations of estimates e.g. for the beta
parameters, that give a similar fit to the data (e.g. high colonisation and low extinction or
vice versa). If there are not enough data to determine the best fit, then there are
problems with identifiability as no information is gained from the data. To address this
possibility, a simpler version of the model was fitted to determine whether an improved
model fit could be established. In this case, instead of having species-specific intercepts
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for the overall effect of covariates on persistence and colonisation when ammonia and
BOD are zero, a model was formulated where these intercepts were not species-specific.
Equations (4) and (5) were therefore replaced with the following (changes highlighted
in bold):
logit(𝜑𝑖,𝑗,𝑡 ) = 𝜷𝟎 + 𝑎𝑡 + 𝛽1𝑖 × 𝐵𝑂𝐷𝑗,𝑡−1 + 𝛽2𝑖 × 𝐴𝑀𝑗𝑡−1

(9)

logit(𝛾𝑖,𝑗,𝑡 ) = 𝜷𝟑 + 𝑏𝑡 + 𝛽4𝑖 × 𝐵𝑂𝐷𝑗,𝑡−1 + 𝛽5𝑖 × 𝐴𝑀𝑗𝑡−1

(10)

This model reduced the number of parameters to be estimated within the model but
assumes that all species have the same underlying response when ammonia and BOD are
zero. This model was one option to test whether a reduction in model complexity
improved parameter estimation. The results for the simpler model are presented in
Appendix 6.2.
Covariate data on water quality were not available for each year/site combination. To
account for this missing data, the covariate measurements were modelled as a sample
from an underlying distribution and an appropriate prior formulated to estimate the
missing values for certain site/year combinations based on the available data. The water
quality data (the average of the logged measurements of a site/year combination for BOD
and ammonia) are described as being drawn from a normal distribution where the
variance is dependent on the number of samples that went into calculating the average
measurement at that site/year. Missing values can then be estimated within the model
as a combination of this prior and the available data. It was also necessary to account for
correlations between the two variables as measurements of BOD and ammonia were
highly correlated. Correlation between the covariates is induced via an underlying
covariance matrix within the prior specification. The complete JAGS model formulation,
including this prior specification, is available in Appendix 6.1.
Initial values for z were set to 0 or 1 depending on whether the species had ever been
detected at a site within a year. All other initial values were set by JAGS.
Three values were estimated within the model as derived parameters: 1. the proportion
of occupied sites per species, per year (occupancy). This was calculated using the true
occupancy state for each species, in each site, each year, 𝑧𝑖𝑗𝑡 , 2. The average persistence
probability per species per year (persistence). This was calculated from the probability
of persistence per species per site per year, 𝜑𝑖𝑗𝑡 . Finally, 3. the average colonisation
probability per species per year (colonisation). This was calculated using the probability
of colonisation of each species at each site in each year, 𝛾𝑖𝑗𝑡 . To assess how these values
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changed over time, the geometric mean was taken across species and the mean and 95%
credible intervals across iterations summarised for each year.
Due to the complexity of the models being run and the size of the resulting z matrix of
species/site/year combinations produced, models needed to be run on a computer
cluster hosted at CEH, Wallingford. Due to the long run time of the models and the
differences in this run time between the two taxa, differing number of iterations were
run for each group. The stonefly models were run for 50,000 iterations with a burn in of
40,000 and thinning rate of three. The mayfly models were run for 15,000 iterations
with a burn in of 10,000 and a thinning rate of three (these model took much longer to
fit, hence the lower number of iterations). Three MCMC chains were run for each model.

6.4 Results
Results presented here are for the model including species-specific intercepts for
persistence and colonisation. Results for the simpler model, with overall intercepts, can
be found in Appendix 6.2.
An assessment of the change in BOD and ammonia over time shows that both metrics
reduced on average since 1970, with fewer extreme measures in the more recent
decades than in earlier decades (Figure 6.2).
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Figure 6.2: Annual distributions of unionised ammonia (mg/l, top panel) and BOD
(mg/l, bottom panel) across all sampling locations, from 1970 to 2015. The centre of the
boxplot represents the median of the distribution with lower and upper hinges
corresponding to the 25th and 75th percentiles. The whiskers represent the 95% credible
intervals.

In the case of the stoneflies, there is not enough information in the data to determine an
effect of BOD on persistence and colonisation. This can be seen from the very wide
distribution of the 𝜇𝛽1 and 𝜇𝛽4 parameters in Figure 6.3 (top panel). Effects of Ammonia
on both persistence and colonisation, and of BOD on the persistence of mayflies are
informative but close to zero. There is, however, a negative effect of BOD on mayfly
colonisation (Figure 6.3, bottom panel).
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Figure 6.3: Posterior distribution of the mean effect of BOD and ammonia on species
persistence (left) and colonisation (right). Top panels: Stoneflies, Bottom panels:
Mayflies. These parameters within the model represent the mean effect of BOD and
ammonia on persistence across species (𝝁𝜷𝟏 and 𝝁𝜷𝟐 respectively) and the mean effect
of BOD and ammonia on colonisation across all species (𝝁𝜷𝟒 and 𝝁𝜷𝟓 respectively). These
parameters and how they relate to the overall model can be seen in the model code in
Appendix 6.1.

The U-shape change in occupancy observed in Chapter 4 is not replicated in the subset
of sites analysed for stoneflies (Figure 6.4, top panel). There are a number of reasons
why this pattern has not been detected in this case: the sites analysed here are a subset
of those analysed in Chapter 4, this study uses a multispecies, dynamic occupancy model
rather than a single species occupancy model and the effect of two covariates have been
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included which were not assessed within the single species model. The pattern of change
in colonisation probability of stoneflies tends to follow that of occupancy. Persistence
probability presents greater fluctuations over time with high uncertainty in early and
later years. Persistence probability declined between the mid-eighties and 2000, during
this time there was also a slight increase in colonisation.
Patterns of colonisation and occupancy were also very similar for the mayflies (Figure
6.4, bottom panel). Occupancy declined in the early years then appears to stabilise for
the remainder of the time series with perhaps a slight increase since the mid-90s that
could be representative of the characteristic U-shaped response. There are large drops
in persistence probability during the late seventies/early eighties and a very large drop
in the early 2000s. These drops correspond to declines in occupancy when they are not
balanced by an increase in colonisation probability. Uncertainty around the persistence
estimates in the early and recent years is large, indicating that not enough data were
available to generate precise estimates of this parameter.
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Figure 6.4: Change in the geometric mean probability of occupancy, persistence and
colonisation over time. The solid line represents the mean value and the shaded area the
95% credible interval. Top: Stoneflies, Bottom: Mayflies.

The sensitivities to ammonia and BOD vary by species. These species-specific effects
have been monitored within the model and so can be compared (Figure 6.5). Although
the average effects vary, with a number of species showing an average negative effect of
BOD and/or ammonia, the credible intervals of most species include 0. Of the stonefly
species, five show a significant negative effect of ammonia on colonisation probability.
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Figure 6.5: Stonefly species sensitivities to BOD and Ammonia. Top: persistence, Bottom:
colonisation. Left: BOD, Right: ammonia. Note that the y-axes differ by plot. These
results present the distribution of the species specific effects of each covariate on
persistence and colonisation. These parameters correspond to 𝜷𝟏𝒊 , 𝜷𝟐𝒊 , 𝜷𝟒𝒊 and 𝜷𝟓𝒊 in
equations (4) and (5). Points represent the mean value and whiskers the 95% credible
interval estimated from the parameter posterior distribution.

Species specific responses of mayflies to the water quality covariates identify a much
greater number of species that have a negative effect of these covariates than the
stoneflies. This is expected as this group had more data available. One species shows a
negative effect of BOD on persistence and 14 show a negative effect of BOD on
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No species show significant negative effects of ammonia on either

colonisation or persistence.

Figure 6.6: Mayfly species sensitivities to BOD and Ammonia. Top: persistence, Bottom:
colonisation. Left: BOD, Right: ammonia. Note that the y-axes differ by plot. These
results present the distribution of the species specific effects of each covariate on
persistence and colonisation. These parameters correspond to 𝜷𝟏𝒊 , 𝜷𝟐𝒊 , 𝜷𝟒𝒊 and 𝜷𝟓𝒊 in
equations (4) and (5). Points represent the mean value and whiskers the 95% credible
interval estimated from the parameter posterior distribution.
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6.5 Discussion
Water quality in the UK has improved dramatically since the Industrial Revolution
(Johnstone & Horan 1996), these effects and the recent improvements in the treatment
of urban waste water are thought to have resulted in positive change in freshwater
macroinvertebrate biodiversity (Langford et al. 2009; Vaughan & Ormerod 2012, 2014).
Through the use of a multispecies, dynamic, Bayesian occupancy model it has been
possible to undertake a preliminary study of the effect of ammonia and BOD on the
population dynamics of stonefly and mayfly species in England and Wales. Both
stoneflies and mayflies are known to be sensitive to water quality and are often used as
indicator groups during river surveys (Hodkinson & Jackson 2005; Hewitt 2010). Their
presence is indicative of water with low levels of pollution. The U-shaped response
observed in Chapter 4 could be interpreted as an improvement in water quality in recent
decades, since the average occupancy of these groups has been increasing. This study
presents the first step into the use of occurrence records to determine the direct effect
of water quality on change in average occupancy and meta-population dynamics of
freshwater taxa.
Across England and Wales, the average levels of ammonia and BOD have declined and
the extremes of these levels have also dropped in recent decades (Figure 6.2). An
assessment of the average effect of BOD on the colonisation and persistence of stoneflies
was not possible, this is likely due to a lack of data shown by the distribution of these
parameter estimates being so shallow. The average effect of ammonia on colonisation
were informative but close to zero. The stonefly occurrence records dataset was the
smaller of the two studied here in term of number of sites and visits. For mayflies, on the
other hand, a negative effect was observed for BOD on colonisation (Figure 6.3). The fact
that some distributions of these effects are bimodal could be indicative of a correlation
between these parameters and another within the model. Investigation into these
correlations should be considered in future model development as this is likely a result
of identifiability issues.
For stoneflies, the estimation of change in occupancy over time did not present the same
U-shaped response that was observed in Chapter 3. The fact that this pattern is not
detected could be a result of the reduced number of sites and species that have been
analysed in this chapter due to the need to subset the occurrence records to those sites
with water quality data available. In Chapter 3, occupancy estimates are established
from 25 stoneflies and 35 mayflies, in this analysis only 21 stoneflies and 23 mayflies
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were analysed. It may be that those rare species that have been dropped from these
datasets are those that most strongly declined and then recovered in later years. The
decline in average occupancy in early decades is more clearly visible for the mayflies, but
the recovery in recent decades is very slight. For both groups, the pattern of change in
colonisation probability over time closely follows that of occupancy (Figure 6.4). This
suggests that changes in average occupancy are influenced more by change in
colonisation probability than by change in species probability of persistence. Both
groups, but in particular the mayflies, show strong fluctuations in persistence over time,
yet these differences seem to have little effect of average occupancy.
Stoneflies, mayflies and caddisflies are known to be pollution sensitive species, but it is
likely that this sensitivity will vary across species. Five stonefly species show a negative
effect of ammonia on colonisation (Figure 6.5). It is likely that there was not enough data
to determine species specific effects most stoneflies. Mayflies, on the other hand, have
14 species that present a negative effect of BOD on colonisation and one species has a
negative effect of BOD on persistence. A more detailed knowledge of the sensitivities of
species would enable a more precise assessment of water quality based on species
presence during river surveys. It would also start to identify those species that are likely
to be more resilient to future drivers of change.
There is a lot of missing information on water quality for the site/year combinations
included in this study. A prior was formulated that treated those measurements that
were available as a sample from some underlying distribution in an attempt to formally
account for the missing information. Due to time constraints and the complex nature of
this prior and its formulation in the JAGS language, it was not possible to test alternatives.
Using priors to inform missing data is practised in occupancy modelling (see Section 8.3,
King et al. 2010), however the fact is that there are two covariates here that are highly
correlated results in the more complex nature of the prior used. Further development of
this model would benefit from the testing of this prior, its effect on parameter estimates
and potential alternative formulations in a similar way to that carried out in Chapter 2.
Only two covariates and a year effect are included in this model, there are no doubt many
other factors that will influence the population dynamics of species. At a site, species
persistence is likely to be affected by the pH (Murphy et al. 2014) and temperature of the
water, the presence and levels of other pollutants such as heavy metals (Gower et al.
1994), as well as the quality of the habitat at the site. Colonisation will likely be affected
by these factors at a new potential site as well as by a species’ ability to disperse.
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Langford et al. (2009) show that clean sites with no source of colonising taxa nearby
showed no recovery of clean water taxa even after 30 years. So even if suitable sites are
available, they must be within reach of a source of species able to colonise the site. It is
possible therefore that sites across the UK have recovered sufficiently but are not close
enough to source populations of species to present further recovery. Models tested here
included a year effect within both the colonisation and persistence sections of the model.
Previous iterations of the model that did not include these year effects showed very little
variation in occupancy, persistence or colonisation over time. This suggests that a lot of
the variation in these parameters is due to some other driver, or drivers, that are not
currently accounted for in this model. The testing of other potential drivers and their
inclusion within the model would help to determine what exactly is causing the patterns
of change that have been observed over time for these freshwater groups.
Most parameters within the model that were monitored did not reach convergence in
the number of iterations for which they were run. Due to time constraints, fewer
iterations could be run than would be ideal, however little improvement was seen as
more iterations were run. This and other issues, including the low number of effective
samples (n.eff parameter in JAGS model outputs) and the bimodal distributions of some
parameter estimates, suggest that further development and testing of the model is
needed. The model used here is based on that implemented by Woodcock et al. (2016)
with changes made to incorporate information on water quality and the effects of
covariates on colonisation. There are still many variations on this model that could be
tested to determine the best model for this study. Other changes that could be made
include the use of the random walk prior on the year effects (that was shown in Chapter
2) in the persistence and colonisation state model components, variations of the missing
data prior, different formulations of the colonisation and persistence sections of the
model and changes of the prior formulations on other model parameters.

Since

occurrence records from sparse datasets have not been used to directly assess the
drivers of change in occupancy before, this study should be treated as a preliminary
assessment of the ability of this model and data to investigate driver effects.
A simpler model formulation was tested to determine whether a reduction in complexity
would aid in the estimation of model parameters that failed to converge. Where the more
complex model has species-specific parameters for colonisation and persistence when
BOD and ammonia are 0, the simpler one had overall parameters of colonisation and
persistence, assuming that all species respond in the same way when there is no
pollution. This is unlikely since species will have different tolerances of pollution,
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however this was deemed a reasonable test to see if model convergence or precision of
parameter estimates could be improved upon. The results from the simpler model, for
both stoneflies and mayflies can be found in Appendix 6.2. There did not seem to be any
improvement in terms of parameter convergence with the simpler model, and the
number of effective samples, as indicated by the JAGS output, was still very low. Results
differed slightly between the two model variants. The average effects of BOD and
ammonia on colonisation and persistence were all close to zero and there was very little
difference in the patterns of occupancy, persistence and colonisation over time
compared to those of the more complex model.

There were differences in the

sensitivities of individual species to the covariates compared to those observed under
the more complex model for both stoneflies and mayflies. This is to be expected, since in
the simpler model, species no longer have independent persistence and colonisation
abilities but have a response that is averaged across all species. The effect of this on the
mayflies seems to be to draw the individual species effects towards zero. Since I am
interested in determining the differing sensitivities of species to changes in water
quality, this model formulation is not appropriate.
Through the analysis of occurrence records from a relatively sparse dataset alongside
data on water quality, it has been possible to investigate the direct effects of ammonia
and BOD on the colonisation and persistence of two freshwater taxa. Although the
determination of the most appropriate model formulation can be complicated and time
consuming, and has only started to be done here, this study shows that it is possible to
explicitly model the effects of drivers of change on the biodiversity of a system even when
available data seems low. Indeed the effects of water quality on the meta-population
dynamics of species can be determined from occurrence records when appropriately
modelled within a Bayesian occupancy modelling framework.
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Appendix 6.1: JAGS code for the multispecies dynamic occupancy
model
Objects in the model:
DATA
=====
nyear
Number of years in dataset
nsite
Number of sites in dataset
nvisit
Number of visits in dataset
nspecies
Number of species in dataset
y[k,i]
Detection status for the kth visit for species i in the dataset
DATATYPE2[k]
List length status for length 2-3 records of visit k
DATATYPE3[k]
List length status for length >3 records of visit k
Site[k]
Site associated with the jth visit in the dataset
Year[k]
Year associated with the jth visit in the dataset
BOD[j,t-1]
Biochemcical oxygen demand measurement of site j in year t-1
AM[j,t-1]
Ammonia measurement of site j in year t-1
UNKNOWNS (i.e. quantities for which initial values are needed)
==========
z[i,j,t]
init.occ[i]
beta0.phi[i]
gamma[i,t]
beta1[i]
beta2[i]
beta2.p[i]
beta3.p[i]
beta4.p[i]
alpha.p[t]

True occupancy status for species i, at site j in year t (binary).
Initial occupancy of species i in year 1
Persistence intercept for species i
Colonisation probability of species i in year t
Effect of BOD on persistence for species i
Effect of AM on persistence for species i
Effect of being on a list of length 1 of species i
Effect of being on a list of length 2-3 of species i
Effect of being on a list of length >3 of species i
Year effect in detection model

OTHER QUANTITIES (internal use only)
================
phi[i,j,t]
Py[i,k]
p[i,k]
mu.*
tau.*
sd.*

Persistence of species i, at site j in year t
Defined as P(y[j]=1).
P(y[j]=1|z[i]=1).
Mean in prior for parameter *
Precision in prior for parameter *
Prior standard deviation for parameter *

DERIVED PARAMETERS
==================
psi.fs Proportion of occupied sites - model output

pers
col

Average persistence probability per species per year
Average colonisation probability per species per year

model {
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### State model Priors ###
for(i in 1:nspecies){
# FIXED EFFECTS
init.occ[i] ~ dunif(0, 1)
# RANDOM EFFECTS
beta0.phi[i] ~ dnorm(mu.beta0.phi, tau.beta0.phi)
beta0.gamma[i] ~ dnorm(mu.beta0.gamma, tau.beta0.gamma)
beta1[i] ~ dnorm(mu.beta1, tau.beta1) # effect of BOD on persistence
beta2[i] ~ dnorm(mu.beta2, tau.beta2) # effect of AM

on persistence

beta3[i] ~ dnorm(mu.beta3, tau.beta3) # effect of BOD on persistence
beta4[i] ~ dnorm(mu.beta4, tau.beta4) # effect of AM

on persistence

}
for (t in 1:nyear) {
b[t] ~ dnorm(mu.b, tau.b)
}
for (t in 1:nyear) {
b.p[t] ~ dnorm(mu.b.p, tau.b.p)
}
### State model prior for missing covariate data ###
for(j in 1:nsite){
for (t in 1:nyear) {
#
# Next lines: normal distributions for this year's measurements which are
# averages of log(individual readings). They are specified one at a
# time, but correlation is induced via an underlying covariance matrix:
# ideally the measurements themselves would be treated as a bivariate
# vector, but JAGS can't cope with partially observed multivariate
# nodes. So any node with "Univ" after it is needed for specification of
# the successive "Univariate" distributions.
#
LogCovs[j, t, 1] ~ dnorm(muUniv[j, t, 1], PrecLogCovsUniv[j, t, 1])
LogCovs[j, t, 2] ~ dnorm(muUniv[j, t, 2], PrecLogCovsUniv[j, t, 2])
muUniv[j, t, 1] <- mu[j, t, 1]
###
### amended next line to cope with situation when the marginal precision
### of the covariate was zero (i.e. where there were no observations). In
### this case, standard application of the formula for conditionals in
### the multivariate normal doesn't work because it involves division by
### zero. However, in this case the conditional distribution itself
### has infinite variance so it doesn't matter what the mean is (NB this
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### means simply that the observations don't influence the response
### variable - it will still take information from mu[j,t,1] and
### mu[j,t,2] which are the underlying random effects). It's a bit
### tricky to code, because BUGS doesn't have an "if" function:
### I've done it by using the step() function to add a non-zero
### value to the denominator ONLY when there are no observations for
### the second covariate. Note that
### the step() function returns zero only if its argument is
### strictly negative and 1 otherwise - so step(-NObs) will return
### 1 if NObs is zero, 0 otherwise.
###
muUniv[j, t, 2] <- mu[j, t, 2] ( PrecLogCovs[j, t, 1, 2] * sqrt(PrecLogCovs[j, t, 1, 1]) *
(LogCovs[j, t, 1] - mu[j, t, 1]) /
pow(step(-NObs[j, t, 2]) + PrecLogCovs[j, t, 2, 2], 1.5) )
### The same trick with step() is needed –
### although this time it's important to
### get the precision right. The problem arises when dividing by
### zero i.e. when there are no observations for the second
### covariate. In this case there's nothing to condition on,
### so the resulting precision should be the same as the unconditional
### one. This is achieved by multiplying the "conditioning" adjustment
### by zero as well - although I still need to add a dummy quantity
### to the denominator to prevent JAGS from complaining when it's
### zero.
###
### As a final wrinkle, JAGS seems to object if the precisions of
### observable quantities are exactly zero, so I've set them to
### something tiny in this case.
###
PrecLogCovsUniv[j, t, 1] <- max(PrecLogCovs[j, t, 1, 1] ( step(-NObs[j,t,2]) *
((PrecLogCovs[j,t,2,1] * PrecLogCovs[j,t,1,2]) /
(step(-NObs[j,t,2]) + PrecLogCovs[j, t, 2, 2]) ) ), 1e-12)
PrecLogCovsUniv[j, t, 2] <max(PrecLogCovs[j, t, 2, 2],1e-8)
#
# Everything below is specified bivariately for (hopefully) efficiency.
# The precision of the average is N times the precision of a single reading
# (but the Ns might be different for BOD and NH3). Off-diagonal elements
# of precision matrix get scaled by a bit of each N.
#
PrecLogCovs[j, t, 1, 1] <- NObs[j, t, 1] * Prec1Obs[1,1]
PrecLogCovs[j, t, 2, 2] <- NObs[j, t, 2] * Prec1Obs[2,2]
PrecLogCovs[j, t, 1, 2] <- sqrt(NObs[j, t, 1] * NObs[j, t, 2]) * Prec1Obs[1, 2]
PrecLogCovs[j,t, 2, 1] <- sqrt(NObs[j, t, 1] * NObs[j, t, 2]) * Prec1Obs[2, 1]
#
# Here's a bivariate normal prior on the year-specific mean vector
#
mu[j,t, 1:2] ~ dmnorm(mu0[1:2], PrecMu[1:2, 1:2])
}
}
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# Next: put hyper-priors on mu0 and PrecMu, allowing the year-on-year
# variation to adapt to the data. For mu0, set a fairly uninformative
# bivariate normal hyper-prior ...
#
mu0[1:2] ~ dmnorm(Hypermu0[1:2] , PrecMu0[1:2, 1:2])
Hypermu0[1] <- 0
Hypermu0[2] <- 0
PrecMu0[1, 1] <- 1.0E-6
PrecMu0[2, 2] <- 1.0E-6
PrecMu0[1, 2] <- 0
PrecMu0[2, 1] <- 0
#
# ... and for PrecMu, set a Wishart with minimal degrees of freedom (2)
# and a small scale matrix (NB I'm following the "Multivariate orange
# trees" example from OpenBUGS examples vol II here).
#
PrecMu[1:2, 1:2] ~ dwish(PrecMuScale[1:2, 1:2], 2)
PrecMuScale[1, 1] <- 0.1
PrecMuScale[2, 2] <- 0.1
PrecMuScale[1, 2] <- 0
PrecMuScale[2, 1] <- 0
#
# Finally, a fairly uninformative Wishart prior on the common covariance
# matrix between individual pairs of (BOD, NH3) observations (an
# alternative here would be to put univariate priors separately on the
# two standard deviations and the correlation, and then to build up the
# matrix element-by-element; but I think the solution below may be better
# from an MCMC mixing perspective. Note that I've put hyperpriors on
# the diagonal elements of the scale matrix, with the intention of
# allowing the model to adapt to the data.
#
###
Prec1Obs11 ~ dgamma(0.001, 0.001)
Prec1Obs22 ~ dgamma(0.001, 0.001)
Prec1Obs.partialcorr ~ dunif(-1, 1)
Prec1Obs[1,1] <- Prec1Obs11
Prec1Obs[2,2] <- Prec1Obs22
Prec1Obs[1, 2] <- sqrt(Prec1Obs11 * Prec1Obs22) * Prec1Obs.partialcorr
Prec1Obs[2, 1] <- Prec1Obs[1,2]
###
### State model hyperpriors ###
mu.beta0.phi ~ dnorm(0, 0.01) persistence=0.5)
sd.beta0.phi ~ dt(0,1,1)T(0,)
tau.beta0.phi <- 1/(sd.beta0.phi * sd.beta0.phi)
mu.beta0.gamma ~ dnorm(0, 0.01)
sd.beta0.gamma ~ dt(0,1,1)T(0,)
tau.beta0.gamma <- 1/(sd.beta0.gamma * sd.beta0.gamma)
beta1.mean ~ dunif(0,1) # parameter on the measurement scale
mu.beta1 <- logit(beta1.mean)
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sd.beta1 ~ dt(0,1,1)T(0,)
tau.beta1 <- 1/(sd.beta1 * sd.beta1)
beta2.mean ~ dunif(0,1) # parameter on the measurement scale
mu.beta2 <- logit(beta2.mean)
sd.beta2 ~ dt(0,1,1)T(0,)
tau.beta2 <- 1/(sd.beta2 * sd.beta2)
beta3.mean ~ dunif(0,1) # parameter on the measurement scale
mu.beta3 <- logit(beta3.mean)
sd.beta3 ~ dt(0,1,1)T(0,)
tau.beta3 <- 1/(sd.beta3 * sd.beta3)
beta4.mean ~ dunif(0,1) # parameter on the measurement scale
mu.beta4 <- logit(beta4.mean)
sd.beta4 ~ dt(0,1,1)T(0,)
tau.beta4 <- 1/(sd.beta4 * sd.beta4)
mu.b ~ dnorm(0,0.01)
tau.b <- 1/(sd.b * sd.b)
sd.b ~ dt(0,1,1)T(0,)
mu.b.p ~ dnorm(0,0.01)
tau.b.p <- 1/(sd.b.p * sd.b.p)
sd.b.p ~ dt(0,1,1)T(0,)
### Observation model Priors ###
for(i in 1:nspecies){
beta2.p[i] ~ dnorm(mu.beta2.p, tau.beta2.p)
beta3.p[i] ~ dnorm(mu.beta3.p, tau.beta3.p)
beta4.p[i] ~ dnorm(mu.beta4.p, tau.beta4.p)
}
for (t in 1:nyear) {
alpha.p[t] ~ dnorm(0, tau.alpha.p)
}
### Observation model hyperpriors ###
mu.beta2.p ~ dnorm(-2.4, 0.01)
mu.beta3.p ~ dnorm(0, 0.01)
mu.beta4.p ~ dnorm(0, 0.01)
sd.beta2.p ~ dt(0,1,1)T(0,)
sd.beta3.p ~ dt(0,1,1)T(0,)
sd.beta4.p ~ dt(0,1,1)T(0,)
sd.alpha.p ~ dt(0,1,1)T(0,)
tau.beta2.p <- 1/(sd.beta2.p * sd.beta2.p)
tau.beta3.p <- 1/(sd.beta3.p * sd.beta3.p)
tau.beta4.p <- 1/(sd.beta4.p * sd.beta4.p)
tau.alpha.p <- 1/(sd.alpha.p * sd.alpha.p)
### Model ###
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##### State model #####
for (i in 1:nspecies){
for (j in 1:nsite){
z[i,j,1] ~ dbern(init.occ[i])
for (t in 2:nyear){
# True occupancy z at site i in year t
z[i,j,t] ~ dbern(muZ[i,j,t])
# Dynamic Occupancy = previous occupancy, modified by persistence + colonization
muZ[i,j,t] <- z[i,j,t-1] * phi[i,j,t] + (1 - z[i,j,t-1]) * gamma[i,j,t] # added index t, added
index j to gamma
# Persistence at species i in year t is a function of covariates in year t-1
logit(phi[i,j,t]) <- beta0.phi[i] + b.p[t] + beta1[i] * mu[j, t-1, 1]+ beta2[i] * mu[j, t-1, 2]
# co added LogCovs, see above, [,,1] = BOD [,,2] = AM
# colonisation at species i in year t is a function of covariates in year t-1
logit(gamma[i,j,t]) <- beta0.gamma[i] + b[t]+ beta3[i] * mu[j, t-1, 1] + beta4[i] * mu[j,
t-1, 2]
#### formulations used for simpler model ####
# logit(phi[i,j,t]) <- beta0.phi + b.p[t] + beta1[i] * mu[j, t-1, 1]+ beta2[i] * mu[j, t-1, 2]
# logit(gamma[i,j,t]) <- beta0.gamma + b[t] + beta3[i] * mu[j, t-1, 1] + beta4[i] * mu[j, t1, 2]
}}}
### Observation model ###
for (i in 1:nspecies){
for(k in 1:nvisit) {
logit(p[i,k]) <- alpha.p[Year[k]] + beta2.p[i] + beta3.p[i]*DATATYPE2[k] +
beta4.p[i]*DATATYPE3[k]
Py[i,k] <- z[i,Site[k],Year[k]] * p[i,k]
y[k,i] ~ dbern(Py[i,k])
}}
### Derived parameters ###
for (i in 1:nspecies){
for (t in 1:nyear) {
psi.fs[i,t] <- sum(z[i, 1:nsite, t])/nsite
}
}
for (i in 1:nspecies){
for (t in 2:nyear) {

Chapter 6

pers[i,t] <- sum(phi[i, 1:nsite, t])/nsite
}
}
for (i in 1:nspecies){
for (t in 2:nyear) {
col[i,t] <- sum(gamma[i, 1:nsite, t])/nsite
}
}
}
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Appendix 6.2: Results for model formulation with overall, rather
than species specific, intercepts for colonisation and persistence
when ammonia and BOD are zero.

Figure S6.1: Posterior distribution of the mean effect of BOD and ammonia on species
persistence (left) and colonisation (right). Top panels: Stoneflies, Bottom panels:
Mayflies. These parameters within the model represent the mean effect of BOD and
ammonia on persistence across species (mu.beta1 and mu.beta2 respectively) and the
mean effect of BOD and ammonia on colonisation across all species (mu.beta3 and
mu.beta4 respectively). These parameters and how they relate to the overall model can
be seen in the model code in Appendix 6.1.
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Figure S6.2: Change in geometric mean probability of occupancy, persistence and
colonisation over time. The solid line represent the mean value and the shaded area the
95% credible interval. Top: Stoneflies, Bottom: Mayflies.
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Figure S6.3: Stonefly species sensitivities to BOD and Ammonia. Top: persistence,
Bottom: colonisation. Left: BOD, Right: ammonia. Note that the y-axes differ by plot.
These results present the distribution of the species specific effects of each covariate on
persistence and colonisation. These parameters correspond to 𝜷𝟏𝒊 , 𝜷𝟐𝒊 , 𝜷𝟒𝒊 and 𝜷𝟓𝒊 in
equations (4) and (5). Points represent the mean value and whiskers the 95% credible
interval estimated from the parameter posterior distribution.
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Figure S6.4: Mayfly species sensitivities to BOD and Ammonia. Top: persistence, Bottom:
colonisation. Left: BOD, Right: ammonia. Note that the y-axes differ by plot. These
results present the distribution of the species specific effects of each covariate on
persistence and colonisation. These parameters correspond to 𝜷𝟏𝒊 , 𝜷𝟐𝒊 , 𝜷𝟒𝒊 and 𝜷𝟓𝒊 in
equations (4) and (5). Points represent the mean value and whiskers the 95% credible
interval estimated from the parameter posterior distribution.
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7. 1 Overview
In this thesis, I investigated the status, patterns and drivers of UK biodiversity change
through the analysis of occurrence records collected by volunteers of UK recording
schemes. This research has focussed on taxonomic groups that have not been studied
extensively at a national scale using fine-grained data (e.g. 1x1km). As a result, my thesis
brings to light new information on the status and trends of various invertebrate taxa,
vascular plants, bryophytes and lichens, and on the likely drivers of those trends,
particularly in freshwater ecosystems. This study highlights the possibilities that
occurrence records, such as those collected by well-informed and skilled volunteers, can
bring to biodiversity research. The use of Bayesian occupancy modelling is at the heart
of this progress, allowing for the accounting of multiple forms of bias within a flexible
framework, with the ability to propagate uncertainty throughout the modelling process.
The work carried out here contributes to filling a gap in biodiversity research that is a
result of the taxonomic bias often seen in large-scale studies (Chapter 1). As well as the
results presented in this thesis, the preliminary analyses carried out for this study were
used within the 2016 State of Nature report.

This is a collaboration of over 50

organisations, published every three years, that presents information on the status and
trends of wildlife of the UK, its Crown Dependencies and Overseas Territories (Hayhow
et al. 2016; Burns et al. 2018). The latest version of results, presented in Chapter 3, are
set to contribute to the 2019 report, further increasing taxonomic coverage and
improving understanding of the state of nature in the UK. The methods and results
developed here have also contributed to the development and production of two UK
biodiversity indicators: the priority species indicator (Eaton et al. 2015,
http://jncc.defra.gov.uk/page-4238) and the indicator for pollinating insects (Indicator
D1c: http://jncc.defra.gov.uk/page-6851). This shows the impact that this research has
had already and its relevance to environmental policy and decision making.

7.2 Advances resulting from this work
The taxonomic coverage that was achieved within this study was possible due to the
improvement of an existing Bayesian occupancy modelling framework, which I
presented in Chapter 2. Use of the initial framework (or base model as it is referred to
in the chapter) was limited in that for sparse datasets, an apparently uninformative prior
was in fact exerting a strong influence on the year effect of the state model. This limited
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the framework to those datasets with a high recording intensity, thus reducing the
potential application beyond well-studied groups such as butterflies (Fox et al. 2015)
and dragonflies (Powney et al. 2015). Through the testing of different priors on the year
effect of the state model, I set out to answer the following questions (Figure 1.4): Can
current methods for analysing occurrence records be improved? And, can alternative
data sources, such as occurrence records, provide useful information? The testing of two
different model variants showed that current methods can be improved upon, with the
“random walk” model showing increased precision of occupancy estimates and a
reduction of annual fluctuations. The testing of this model with both real world data and
simulated data revealed its ability to provide useful information on occupancy status and
trends when analysing occurrence records that were sparse in nature.

Through the

development and testing of these models a lot was also learnt regarding the impact of
prior information on occupancy estimates, both the intended impacts through the
sharing of information across years to reduce parameter uncertainty and the unintended
impacts of priors when there are no data for a species. Preliminary tests using the base
model resulted in just 20% of species outputs that were considered to hold valuable
information on species status and trends. The use of the random walk model was able
to increase this to 50%.
The improved precision of estimates, and therefore the gain in the number of species
that could be analysed, meant that a much greater range of datasets could be studied
than had previously been possible. As a result, I was able to fit the model to data on over
12,000 species from 32 taxonomic groups (Chapter 3).

This included various

invertebrates, plus vascular plants, bryophytes and lichens, all of which have been
neglected in most large-scale studies. This showed that the taxonomic coverage of UK
biodiversity research could be increased using occupancy models to analyse occurrence
records, with both annual occupancy estimates and long-term trends for the period
1970-2015 being estimated. To encourage the inclusion of these groups in future
research, the final set of outputs, totalling 5,293 species which were considered to
contain valuable information on species status and trends, has been made open access
via the EIDC repository. These outputs dramatically increase what is known about UK
biodiversity change at the species level.
Using the outputs produced in Chapter 3, I determined the patterns of change over time
of five aggregated groups of species: freshwater species, terrestrial insects, terrestrial
non-insect invertebrates, vascular plants, and bryophytes & lichens (Chapter 4). This
chapter established when change occurred and what the unique and common responses
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were across groups (Figure 4.1). The results showed that change in biodiversity is not
all negative and that the patterns of change over time of these under-studied groups
differ considerably from those of well-studied taxa, such as birds and butterflies.
Highlighting the differences in trends between the groups studied in this thesis and these
well-studied taxa shows that groups such as birds and butterflies are not always an
appropriate surrogate of change in wildlife. The variation in response demonstrates a
more complex picture of change than has be communicated in the literature so far. The
freshwater group in particular showed a unique U-shaped response that was indicative
of strong declines up until the mid-nineties followed by a recovery towards baseline
levels in recent decades. This finding, alongside the increases in vascular plants,
bryophytes and lichens, presents an encouraging picture of improving biodiversity
status and the potential positive impact of legislative action such as measures for air and
water quality including the UK Clean Air Act and the EU Waste Water Treatment
Directive.
In order to get a more complete picture of change, biodiversity studies should monitor
multiple forms of biodiversity across multiple scales (McGill et al. 2014). This is not often
considered in large-scale studies so, using the estimates of annual species occupancy
derived in Chapter 3, I assessed change in three biodiversity metrics: local alpha
diversity, regional alpha diversity and regional beta diversity (Chapter 5). In this
chapter, I showed that change in local scale alpha diversity is not declining on average
and that there is considerable variation across taxa. This is consistent with other studies
of local trends that have also shown no net loss of biodiversity (Vellend et al. 2013;
Dornelas et al. 2014). However, I was also able to show that regional scale change in
alpha diversity does show the possibility of high levels of future extinctions that are not
reflected in this local scale average. There has been considerable debate in ecology
regarding the differences between local and global scale trends and how they show
contrasting pictures of change (Gonzalez et al. 2016). By studying change across two
scales using the same dataset, I have been able to show how these contrasting views of
change can come about. In this case, the responses of species that are at risk of extinction
are hidden within metrics of change that are averaged across groups, and it is only when
individual species are considered that these strong declines are evident.

This

strengthens the view that a complete picture of change can only be established by
looking at multiple metrics across multiple scales.
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The striking pattern of change in average occupancy for the freshwater species that was
identified in Chapter 4, presented an opportunity to investigate the drivers behind this
change. Previous studies at a local scale or at the family level have established a possible
connection between improvements in water quality and an increase in freshwater
invertebrates (Langford et al. 2009; Vaughan & Ormerod 2012).

Using species’

occurrence records as the input data for a dynamic, multispecies, occupancy model, I was
able to investigate the effect of ammonia and biochemical oxygen demand on the metapopulation dynamics of two freshwater invertebrate taxa directly (Chapter 6). This
revealed a role of chemical pollution in driving declines, as well as a positive impact of
legislation focussed on the improvement of water quality and the treatment of waste
water. Success stories such as this show that recovery of biodiversity is possible and will
encourage future effort towards positive change. Further development of this model is
needed, but this preliminary study shows the potential of this form of analysis to reveal
national scale drivers of change.
Broadly, this thesis has revealed the status and patterns of change in UK biodiversity for
a vast range of taxa for which national scale trends were previously unknown or known
only at a course resolution, and for a set of species explored the drivers of the observed
trends. As a result of my research, it is now known that UK biodiversity change is more
complicated than previously believed and importantly, not all groups are declining. The
huge potential that occurrence records have to explore questions regarding biodiversity
change has been shown, with this thesis presenting just a small insight into what these
data can be used for and what still remains to be explored. Not only does this work
contribute directly to biodiversity research and provide usable outputs for future
research, I hope it will also encourage the more formal use of this form of data.

7.3 Study limitations and future directions
It is important to remember that the trends presented here are based on species
occupancy and so care should be taken when comparing these with trends in species
abundance. In Appendix 4.2, simple simulations reveal a positive relationship between
trends in species occupancy and trends in abundance, however this relationship changes
as the density of the individuals within a sampling unit increases. It is therefore likely
that although the direction of change between trends is consistent, the magnitude of
occupancy trends may lag behind those of abundance. The trends established in this
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study must therefore be considered as a conservative estimate of change when
compared to those of abundance. As abundance data are not available for the majority
of species covered by this research, the analysis and the interpretation of occurrence
records is key to gaining understanding of the state of these groups. Future studies that
further understanding of the relationship between abundance and occupancy trends
would aid in the interpretation of the results shared here. I have started to look at this
relationship in the appendices of this work and other studies have already compared
trends in occupancy to those of abundance (e.g. Horns et al., 2018; Kamp et al., 2016).
However, there is a need to understand these relationships, how they change with scale
and how they change with species density within the sampling unit. National scale
occupancy and abundance data are available in the UK for birds, moths and butterflies
so the relationships between trend estimates and how these change with scale could be
investigated through the analysis and comparison of results from these data. Although
a strong positive correlation between trends in occupancy and trends in abundance may
be enough to state that the direction of these trends are comparable, the strength of this
relationship across scales and how this changes as the density of species increases within
a sampling unit should be determined if the specific values of trends are to be
comparable. In order to confidently compare trends in occupancy and abundance, the
extent of the relationship needs to be determined as well as the circumstances when it
no longer holds: there are likely to be species that do not conform to this relationship,
understanding these outliers will determine when comparisons cannot be made. For
example, species with highly limited dispersal ability may be able to continue to increase
locally but be unable to expand their range sufficiently for increases in occupancy to be
detected.
Due to the fact that the model was to be fitted to over 12,000 species a “one size fits all”
approach was taken when it came to model design. Improvements made to the state
model, outlined in Chapter 2, resulted in considerable gains in terms of precision and
reduction of bias of trends estimates, however, there are still improvements that could
be made within the detection model. The current formulation of the detection model,
which includes a year effect and categorical specification of list length for the effect of
sampling effort on detectability, may not be the most appropriate formulation for all the
datasets analysed here. More information from the schemes on the nature of the data
collection process and metadata on recorder effort would allow a more accurate
representation of detection within the model. For example, information on whether an
observation was part of a complete list (where all species were looked for and all those
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observed have been recorded) could be incorporated into the detection model to
improve detectability estimates. This has been implemented in other recording systems,
for example eBird (Sullivan et al. 2009). Information such as that on list length is
essentially used to reverse engineer the data collection process and any additional
metadata on this process would allow a more accurate detection model to be formulated.
As these models are so flexible, any number of additional elements could be added to
either the state model or the detection model. Elements that have been discussed within
this thesis, but not included in the model used, include the addition of phenology to
improve detection estimates (van Strien et al. 2013). This allows species detectability to
change over time if, for example, the flight period of a species dictates when it is available
to be detected. This could be important if some species within a group emerge at a
different time to others and so are less likely to be detected, e.g. spring/autumn
emergence when other species are present in the summer. Inclusion of phenology was
tested alongside early versions of the model, but it made little difference to occupancy
estimates and increased run time so was not included here (G. Powney, personal
communication). It is also possible to include parameters that allow the accounting of
false positive records (i.e. misidentifications) (Royle & Link 2006; Guillera-Arroita et al.
2017). Due to the fact that the records collected by recording schemes are usually by
experts in that taxa and are verified by county recorders or scheme organisers, this was
not considered necessary in my study. This form of model also requires additional
information (which is not likely to be easily available for the groups studied here) to
determine the unambiguous occupancy status of some sites and so would increase run
time as well as data requirements (Guillera-Arroita 2016).
Another important caveat of the model run within this study is that it is not spatially
explicit. As I was primarily interested in trends in occupancy (what change was
occurring and when), rather than where that change was occurring, the models used
here were considered suitable for the questions I wanted to ask. However, there are two
major assumptions of the model that present problems relating to spatial
autocorrelation. First, there is the assumption that grid cells monitored in the datasets
are a random sample of UK sites, even though this is not the case. Due to the biases
known to be present in occurrence records, where monitored sites are more likely to be
of good habitat in southern England, what the model is actually doing is fitting trends for
these areas. If the trends of these areas do not reflect patterns of the wider countryside,
then the output will give a biased picture of the national state. The model formulation
also currently assumes that grid cells are independent from one another, however,
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populations are not discrete as the model implies. Populations may span grid cells so
that adjacent cells will present the same trend simply because it is monitoring the same
population. Since the species of interest here are invertebrates and plants, it is plausible
that most populations will occupy an area of less than 1x1km, making my choice suitable
in this instance. A spatially explicit occupancy model is possible, which would allow true
estimates of species occupancy to be determined and would allow differences in space
to be investigated. Explicit modelling of spatial autocorrelation has been shown to
improve quality and reduce uncertainty of species distribution maps generated using
species distribution models, so a model that incorporates spatial autocorrelation would
likely reduce the impact of the assumptions outlined above (Dormann 2007; Guélat &
Kéry 2018), however it has also been shown that spatial autocorrelation in ecological
data does not always generate bias (Diniz-Filho et al. 2003). In addition to this, further
adding to the model complexity would likely result in problems with identifiability and
lack of convergence since available datasets are relatively sparse.
In this thesis, I have chosen to use only those model outputs for species that have a
minimum of 50 records across the time period assessed to explore patterns of change
(Chapters 4 and 5). This threshold was chosen as model outputs with fewer records
contributing to the estimates were not considered to provide any valuable information
on species status or trends. Although estimates can be produced for species with few
records, it is likely that these will mainly be noise and any signal in the output will be
lost. Above 50 records the trends may be noisy, but some signal will come through (as
shown in the test on ant data in Chapter 2). Depending on the application of the
estimates, a different threshold may be more appropriate. For this application, however,
it was shown that in aggregated species indicators, increasing this threshold value made
little difference to the patterns of change observed (Chapter 4, Appendix 4.1) and so this
threshold was maintained throughout the thesis. A gap of 10 years or more without data
contributing to the outputs was also used as a threshold for exclusion. This was
considered appropriate as it was observed that the prior can dominate a species
occupancy estimate when there are no data contributing in those years of the focal
species (Chapter 2, Appendix 2.4). More work needs to be done on the data requirements
for reliable and informative model outputs so that arbitrary thresholds such as those
implemented here are no longer necessary. The outputs from this study could be used
to start to determine the levels of data required for a successful occupancy model run.
An assessment of the input datasets, the levels of data for each species, and the precision
of the occupancy estimates would be a good starting point. This would be useful for
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organisations or schemes that have a dataset but want to know whether or not it is
worthwhile running an occupancy based analysis using the methods developed here.
This also suggests a potential move towards more bespoke occupancy models for
individual recording schemes and taxa to improve their precision and accuracy.
The vascular plants, according to the results presented in Chapter 3, have undergone
strong increases in average occupancy. After completing these analyses, the results were
shared with The Botanical Society of Britain and Ireland (BSBI), who raised several
points of concern about the degree to which the results should be believed and the
appropriateness of the model structure for their data. BSBI pointed to huge increases in
recorder effort since the baseline year of 1970, particularly when measured as the
number of records at a 1x1km scale. This is partly attributable to the fact that, prior to
1980, plants were predominantly recorded at hectad (10x10km) or tetrad (2x2km)
resolution, and only later at the monad (1x1km) scale. All hectad and tetrad records
were excluded in my analysis (section 3.3.2), resulting in very large increases in 1x1km
records over time. One example illustrating this issue is the grass species Poa annua,
which is known to be one of Great Britain’s most widespread species and, according to
the New Atlas for British and Irish Flora published in 2002, its range has changed little
since the previous atlas published in 1962 (Preston et al. 2002). Yet my models suggest
a four-fold increase in occupancy, from 0.2 to 0.8. This species has, however, seen a
massive increase in the number of monad records over time from 204 in 1970 to 9535
in 2015 (Oliver Pescott, personal communication). The occupancy model formulation,
that the model in this thesis is based on has previously been validated against increasing
recorder effort over time (Isaac et al. 2014), so this pattern is initially surprising.
However, Isaac et al. considered only a gradual two-fold increase in effort, so it’s possible
that my occupancy model is biased when increases in recording are large and/or pulsed,
as in the vascular plants. These issues could be addressed in a straightforward manner
using simulations, and should be a priority for future research. However, other potential
sources of bias could explain the apparent increase in Poa annua and other plant species.
The data filtering process (workflow Figure 3.1) removes all grid cells that were visited
in a single year. The twin facts that a) plants don’t move so species can usually be found
again even if they are rare, and b) vascular plant recording is more highly structured than
for invertebrates (M. Pocock personal communication) with revisits to locations being
common and often involving targeted searches for all species previously recorded at a
site, could introduce a directional bias in the detection probability over time, as later
visits to a grid cell are recording against a list of species that was previously observed.
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Revisits to the known locations of rare species would also likely increase their
probability of detection, resulting in a higher estimation of occupancy than would
otherwise be likely. Further investigation into the nature of recorder behaviour, the
ability of these models to capture what recorders do in the field, as well as taxon-specific
detection models, would aid in the increased confidence in the outputs of this kind of
analysis. However, validation is impossible in the absence of independent evidence, so
expert opinion must be relied upon to give the stamp of credibility to model outputs.
Concern over the possibility that trends reflected recorder effort has therefore resulted
in the exclusion of the plant outputs from the dataset deposited in the EIDC data
repository. Results for other taxa were considered reliable after consultation with
appropriate experts (e.g. the results for bees and hoverflies have been submitted for
publication with the scheme organisers as authors). Such dramatic increases in recorder
effort, and the common behaviour of revisiting locations and “searching out” rare species
are not so common in the recording of other taxa.
It is important to remember that considerable environmental change occurred before
this recording period and that trends related to the baseline year (here 1970) must be
interpreted with caution. Shifting baseline syndrome is described as “a gradual change
in the accepted norms for the condition of the natural environment due to lack of past
information or lack of experience of past conditions” (Soga & Gaston 2018). In this thesis,
the baseline year is 1970 and so, the recovery of average species occupancy of the
freshwater species in Chapter 4, and explored further in Chapter 6, cannot be considered
to be a stopping point in terms of improvements as it is likely that the same species had
experienced an even greater decline before 1970. Likewise, the increases and declines
observed in other taxa must also be judged with care as the ideal or baseline levels are
unknown to start with. The mobilisation of historical records from museum collections
and other sources will contribute to the ever growing availability of occurrence records
and the time span over which they can be analysed (e.g. Brooks et al., 2017). Historical
records in particular may help to extend the baseline year further into the past, offering
a greater long-term assessment of change than is currently possible.
Although the taxonomic coverage of this research dramatically increased the range of
knowledge on UK biodiversity status and trends, there are still many groups that were
not included. Recording scheme data are available for many more groups for the UK and
facilities such as the Global Biodiversity Information Facility (GBIF) hold a massive set of
occurrence records (1,015,684,514 records, August 2018) that could be used within an
occupancy modelling framework. However, the inference of non-detections and the

Chapter 7

| 206

specification of the detection model will be more of a challenge for data such as those
from GBIF, where data sources and the collection processes are likely to be much more
heterogeneous than for UK biological records. It may be possible to analyse these
records and other citizen science based datasets, but this will be dependent on what is
known about the sampling strategy used to collect the data and the ability to incorporate
this information into the modelling framework. Such analyses would likely be possible
for regions or taxa for which a defensible method for inferring non-detections can be
established. This may be possible, for example, for GBIF records of butterflies in most of
Europe.
Now that trends and patterns of change over time have begun to be established for the
taxa covered in this study, the next step is to determine the drivers of these patterns.
Although I was only able to assess the effect of water quality on freshwater insects, there
is the opportunity to use the outputs generated here to carry out studies similar to those
already established for well-studied taxa. Examples combining information on threats
and species trends to determine possible drivers of change include the determination of
correlations between farmland bird declines and agricultural intensity in Europe
(Donald et al. 2006), the estimation of the combined impact of climate change and habitat
change on British butterflies (Warren et al. 2001) and the effect of climate change on the
population trends of a larger group of British mammal, bird, aphid, butterfly and moth
species (Martay et al. 2017). The major drivers of UK biodiversity change, including taxa
represented in this study, have already been established (Burns et al. 2016), with species
being most strongly impacted by the intensive management of agricultural land and by
climate change. This study provides a starting point for investigating the correlations
between trends and potential drivers of change, or modelling population change over
time alongside key covariates.

This will aid in the determination of appropriate

conservation action for these less well-understood groups and for the environment more
broadly.
Throughout this study new information has been brought to light on the status, patterns
and drivers of biodiversity change. However, as a result of this information there are
many new questions that have become apparent. As discussed, this includes but is not
limited to: determining how many records are required for a worthwhile occupancy
based analysis, to what extent can these models account for dramatic changes in
recorder effort, does dataset specific specification of the detection model lead to
improved estimation of occupancy, can these models be applied to more datasets such
as those derived from citizen science projects or using GBIF data, what drives the
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changes in biodiversity observed, what are the relationships between occupancy and
abundance, and what are the relationships between biodiversity metrics across scales.
Clearly this thesis presents just a small sample of studies that exemplify what can be done
with the application of occupancy modelling to occurrence records. This field of research
still has a lot to offer to the improved understanding of biodiversity status, patterns and
drivers of change, as well as the chance to further advance the methods themselves.

7.4 Concluding Remarks
This thesis has advanced the method of analysis most often used for occurrence records
and has shown that large-scale studies are possible using this form of data. The status
and trends of 6,567 species from 32 taxonomic groups are estimated and explored,
significantly increasing knowledge on UK biodiversity change.

The methods and

preliminary results of this study have already contributed to wider research and
monitoring via the UK Biodiversity Indicators and the 2016 State of Nature Report.
These projects not only pull together new information on UK biodiversity but present
this information to large audiences including professional conservationists, government
and non-government policy makers, politicians and the general public. The fact that the
analysis of biological records using an occupancy modelling framework can not only
produce such novel results, but can reach such a wide audience, should encourage the
continuation of this line of research. There is an urgent need to validate and test
extensions of the occupancy model which will lead to improved estimation and
understanding of the techniques used and, as a result, increase confidence in the findings.
As shown in this work, models are complex and with the incorporation of more
parameters it is possible that their complexity has or will outgrow what can be
accomplished with the data that is currently available.

However, with the next

Conference of the Parties (COP 15) due to take place in Beijing in 2020, where the state
of nature globally will be reviewed, it is essential that as much information as possible is
gathered on the state of biodiversity so that new commitments and ambitions can be as
informed as possible.
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