aSladaNAy3I GKS AYLI O
dISOASAQ LJ2 LIz | ©

Sean Jellesmark

A dissertation submitted for the degree of Doctor of Philosophy
University College London

January 2022

Supervised by:
Prof. Tim M. Blackburn
Prof. Richard D. Gregory
Mike Hoffmann
Louise McRae

Dr. Piero Visconti



I, Sean Jellesmark, confirm that the work presented in this thesis is my own. Where
information has been derived from other sources, | confirm that this has been

indicated in the thesis.

Sean Jellesmark, 315t January 2022



Abstract

The global biodiversity crisis has sparked a rise in conservation actions. However, the
impact of conservation acti ons o0 aftensnptevaiuaes.dn
particular, studies of the impact of large-scale conservation, such as area protection
or national legislation aimed at safeguarding biodiversity, on population trends remain
poorly represented in the scientific literature. The resulting limited knowledge of
conservation effectiveness potentially hinders effective evidence-based decision

making and leads to suboptimal conservation outcomes.

Here, | collate longitudinal records of vertebrate abundance, conservation
interventions and ancillary information to measure the impact of conservation on
speci eso6 populdifietent spasal aadc tengpsral scales. Specifically, |
estimate the impact of lowland wet grassland reserves on breeding trends of wading
birds in the United Kingdom by creating counterfactual reserve trends from national
monitoring records collected by volunteers. This demonstrates that lowland wet
grassland reserves have a positive impact on targeted species of wading birds. To
understand the drivers of breeding abundance within these reserves, | combine local
management records with climatic variables and breeding counts and use a Bayesian
mixed modelling framework to estimate the association between conservation actions,
site-specific conditions and annual breeding abundance for four wading bird species.
The resulting estimates show that breeding abundance associates with different
factors for the four species and provides new information on conservation
effectiveness that can be used to inform local reserve management. Last, | explore
the impact of conservation actions on trends in vertebrate populations worldwide. |

categorize conservation actions for more than 26,000 populations, -create
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counterfactual population indices representing how populations may have developed
in the absence of conservation, calculate the impact of conservation on a global
population index, and estimate how specific conservation actions relate to population
changes. | show that conservation benefits targeted vertebrate populations, that in the
absence of conservation, a global index of vertebrate abundance could have declined
in addition to what is currently observed and that, in particular, conservation through

species and land & water management has a positive impact on targeted populations.

The methods developed and applied in this thesis demonstrate how to estimate the
impact of conservation actonson s peci e s 6 Thsavpriidisa highlightsshe
potential of longitudinal abundance records for evaluating conservation impact and

emphasizes the importance of large-scale monitoring programmes.



Impact statement

To halt and reverse the widespread decline of global biodiversity, understanding the

impact of conservation is imperative. This thesis demonstrates how to measure the

impact of conservation on vertebrates pe ci e s 6 p 0 p tirle seties poputation s i n g
data and counterfactual methodology. A range of different methods are utilized to
evaluate the impact of lowland wet grassland reserves on breeding abundance of

wading birds in the United Kingdom and more generally, the impact of conservation

on global abundance of vertebrate populations. Outputs from this thesis demonstrate

the potential of monitoring records for large-scale impact evaluation in conservation

science and contribute to the evidence-base of conservation effectiveness. The
findings have been used to inform the wider public about the impact of wetland
reserves and policy makers about the impact of global conservation and
conservationso6 i mportance for biodiversity m
encourage researchers and conservation practitioners to utilize monitoring records

and, to a larger extent, evaluate conservation impact with an increased focus on

factors affecting the reliability of impact estimates such as study design. This has

resulted in the following publications:

1 Jellesmark S, Blackburn TM, Dove S, Geldmann J, Visconti P, Gregory RD,
McRae L, Hoffmann M. 2022. Assessing the global impact of targeted
conservation actions on species abundance. Preprint BioRxiv.

https://doi.org/10.1101/2022.01.14.476374

1 Jellesmark S, Ausden M, Blackburn TM, Hoffmann M, McRae L, Visconti P,
Gregory RD. 2021. The effect of conservation interventions on the abundance

of breeding waders within nature reserves in the United Kingdom. Ibis. In review
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1 | Introduction

Biodiversity and Conservation

The world is facing a mass extinction,

the last century (Barnosky et al. 2011; Ceballos et al. 2015, 2020). Over the last 50
years, populations of vertebrate species, as measured by the Living Planet Index,
have declined by 68% on average, with declines of up to 94% for populations in the
tropical subregions of the Americas (WWF 2020a). For many, these precipitous
declines have ended up with the disappearance of the entire species: extinction rates
are tens to thousand time higher than the background rates, and it is estimated that a
million more species now face extinction over the course of the next century (Pimm et

al. 2014; IPBES 2019).

Conservation actions play a key role in reversing this loss of biodiversity (Hoffmann et
al. 2010, 2015; Leclere et al. 2020; Bolam et al. 2020). A plethora of different
conservation actions has been developed and applied, from local single-species
reintroduction programmes, to multilateral treaties aimed at safeguarding global
biodiversity (Salafsky et al. 2008; CBD 2011). The resources available for conserving
biodiversity are limited though and so selecting the intervention with the highest impact
is imperative to ensure effective conservation (Ferraro & Pattanayak 2006). However,
deciding which conservation action is most effective relies on empirical evaluation of
former interventions (Ferraro 2009; Baylis et al. 2016). Historically, conservation
practice has relied on anecdotal sources, often supported by limited evidence
(Sutherland et al. 2004; Margoluis et al. 2009), and thus potentially with reduced

effectiveness (Sutherland & Wordley 2017; Christie et al. 2020b).
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Recent years have seen arise in the call for evaluation of conservation programmes
and access to conservation evidence (Kleiman et al. 2000; Pullin & Knight 2001;
Salafsky et al. 2002; Salafsky & Margoluis 2003; Sutherland et al. 2004; Ferraro &
Pattanayak 2006; Ferraro 2009; Sutherland & Wordley 2017). For example, the

Conservation Evidence Project (www.conservationevidence.com) has summarized

information from thousands of scientific articles on local-scale conservation
interventions and provides free and publicly available evidence of their effectiveness.
In addition to the increased attention on evaluation efforts, the quality of evidence is
receiving attention, such as the importance of study design and credibility of population
trends, as an important topic within the scientific community, with widespread
implications for conservation practitioners and biodiversity in general (Christie et al.

2019, 2020b, 2020c, 2020a; Wauchope et al. 2019b, 2021).

Measuring the impact of conservation is the main purpose of this thesis. To do so
accurately requires methods of <causal

leveraging of theory and deep knowledge of institutional details to estimate the impact

of events and choi ces o n(Cannimgham2021).Atthe cokeme

of causal inference lies counterfactual theory 7 representations of worlds that could
have been if conditions were different. Counterfactuals are essential because they
allow estimates of treatment effects to be inferred, by comparing an observed outcome
with a counterfactual that represents the outcome in the absence of treatment, thus
allowing any differences to be attributed to the intervention being evaluated. However,
reality dictates that an outcome can be observed only under a single set of conditions
and counterfactuals are therefore never observed, but instead must be estimated. How
counterfactuals are estimated, and from what, affects the degree to which the

counterfactual approximates the truth, and thus the reliability of the estimate. In this
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Introduction, | first set the scene by providing a historical perspective on the roots of
evaluation, | then describe the evolution of evaluation and study designs in
conservation science and, finally, provide a brief overview of each of my chapters and

how the thesis is organized.

A historical perspective on evaluation

Arguably, the first documented experiment al

Dani el o I n t he Bi bl e. It tells t he

Nebuchadnezzar wanted the people of his court to eat meat and drink wine
exclusively. However, for religious reasons, a young boy of royal blood named Daniel
asked that he and three of his friends be given a diet of vegetables instead. To show
that the vegetarian diet would not diminish their ability to serve the king, he proposed

an experiment: for ten days, Daniel and his friends would follow a strict diet of nothing

story

but | egumes and water while another group of

and wine. After the ten days, the physical state of the children in the two groups were
compared. Daniel and his friend appeared better nourished than the group that had
eaten nothing but meat and wine and the king permitted them to continue their
vegetarian diet (Bhatt 2010; Pearl & Mackenzie 2019). Although this experiment did
not follow the scientific rigor of present-day standards, the purpose was similar to what
scientists do today i test a hypothesis and produce evidence. Daniel and his three
friends received the intervention (vegetarian diet) while the other group served as the

control (Kingbs diet) in order to test the

The first modern controlled trial on record was performed in 1746, more than 2000
years after Daniel, by the Scottish doctor James Lind. Lind was interested in the

treatment of scurvy, a disease that killed an estimated 2 million sailors between 1500

17
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and 1800 AD (Pearl & Mackenzie 2019). He tested the effects of six treatments for 12

patients with scurvy and found a treatment that contained ascorbic acid to be
particularly effective. However, his findings had little impact on practice, and it was
another 42 years before his proposed treatment for scurvy was introduced by the

relevant authorities (Trohler 2005).

In 1864, the next milestone occurred with the emergence of placebo treatments. A
placebo is a type of treatment that has no therapeutic effect, but which can still have
a psychological effect. The US physician Austin Flint compared the effectiveness of a
placebo drug to an active remedy in treating rheumatic disorder (a condition causing
pain in joints or connective tissue). Since wildlife populations do not hold expectations
about conservation actions and are therefore not biased in the same way as humans
in clinical trials, placebo treatments are rarely necessary in conservation science.

However, they are not entirely absent (Cisneros et al. 2015; Neely et al. 2020).

In 1885, not long after the introduction of placebo treatments, randomization appeared
in psychophysical experiments with humans (Peirce & Jastrow 1885). In impact
evaluation, randomization refers to the process of randomly assigning treatment to
units within the eligible population so that the treatment and control group are chosen
at random. However, it was not until somewhere between 1925 and 1935 that
randomization became the basis for scientific inference, introduced by the (in)famous
statistician Ronald Fisher in agricultural experiments (Fisher & Mackenzie 1923; Bhatt
2010; Rubin 2019). In clinical research, the first randomized trial was carried out in
1946, run by the MRC Streptomycin in Tuberculosis Trials Committee to test the effect
of streptomycin (an antibiotic) on Pulmonary Tuberculosis. Streptomycin was of limited
availability and control subjects therefore did not receive any treatment i scientifically

convenient but unet hical foll owing todayobs
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made since then, but the overall idea of randomization has remained the same.
Randomization was pivotal for experimental designs, and still is to this day, because
the randomization procedure excludes potential bias. Random allocation of treatment
groups ensures that study units, regardless of what is being studied, have an equal
probability of receiving treatment. Treatment allocation is therefore not determined by
the practitioners, participants or other observed or unobserved factors, thereby
assuring that study participants, regardless of receiving a treatment or serving as
control, have similar matched characteristics. Randomization thus ensures that
estimates of a treatmentsd effect can

other confounding factors (Stolberg et al. 2004).

Most progress within the practice of experimental evaluation has originated from
developments and advances of research designs in agriculture and the medical
sciences. Here, evidence-based practice has been particularly important in driving
progress. However, much of the theory that guides and underpins modern evaluation
methods, such as the theory of why a large sample size improves an estimate, was
developed hundreds of years ago in other disciplines. For example, probability theory,
the foundation for probability distributions, was developed by French mathematicians
around the 1650s. The Swiss mathematician Jakob Bernoulli proved the Law of Large
Numbers in 1713, which explains how the average of a large sample is a better
approximation of the true population average than a small sample. The central limit
theorem was proved by the French Mathematician Pierre-Simon Laplace in 1810 and
states that, for a random variable, the sample mean distribution will be normal if the
sample size is sufficiently large. These are all fundamental for scientific inference as

we know it today.
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Early evaluation efforts, such as those described in the history of David and King
Nebuchadnezzar and the Scurvy trial by James Lind, were primarily concerned with
testing a hypothesis, and less concerned about study designs, or how to estimate the
degree of association between an intervention and an outcome of interest. However,
this all changed at the end of the 19™ century, with the emergence of modern statistics.
Initially pioneered by Francis Galton and his biological research on heredity i the
degree to which traits manifest from one generation into the next i the discovery of
correlation paved the way for much present-d ay anal ysi s. For
research led to the initial conceptualization of linear regression (Stanton 2001; Aldrich
2017). However, it was not until the ideas of Karl Pearson, William Gosset, Jerzy
Neyman and Ronald Fisher emerged that statistics shifted away from being descriptive
in nature towards more inference-oriented methods (Lehmann 1993; Rao 2006).
Ronald Fisher in particular is credited for this success with his development of
maximum likelihood estimation of unknown parameters (Rao 2006). These statistical
developments allowed researchers to estimate the level of uncertainty in
generalizations made from an observed sample to the population level, and with the
introduction of the Chi-squared test for goodness of fit in 1900, and the t-test for
drawing inferences from normally distributed means (Franke et al. 2012; Aldrich 2017),

statistics was recognized as a separate scientific discipline.

Correlation and statistical tests enable hypothesis testing and estimates of
association, but do not identify causality. Correlation does not imply causation is an
often-repeated mantra of science that was indisputable until recently. In fact, Pearson
insisted on correlation being the only metric of scientific interest and has been said to
have ridiculed those who opposed him (Pearl & Mackenzie 2019). He believed that

AStatistics may be regarded as €& the
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thereby discarding any relevance of causal knowledge about the data-generation
process (Pearl & Mackenzie 2019). However, in the late 1920s, Sewall Wright showed
that correlation can in fact imply causation (Pearl & Mackenzie 2019). Like many other
prominent scientists of his time, Wright studied genetics. More specifically, he studied
inheritance of coat colour in Guinea pigs. By solving algebraic equations in conjunction
with path diagrams (directional arrows from cause to effect), Wright showed that coat
patterns and colour depend not only on the inherited genes, but also on their
combination, and where they are expressed and suppressed (Pearl & Mackenzie
2019). While this might sound trivial to some, it demonstrated how correlation coupled
with a causal theory based on subject-specific knowledge, illustrated through a path
di agr am, can turn correlation I nto c
measuring and estimating how development factors cause changes in fur colour

(Lleras 2004).

Building on the foundation of path analysis, Turing award winner and computer
scientist Judea Pearl, has pioneered the modern use of graphical models for causal
inference (Pearl 2010). A causal diagram is a visual representation of the
hypothesized relationship between an intervention of interest, an outcome that is being
evaluated, and other characteristics that should be considered. The direction of cause
is depicted through directional arrows flowing from cause to effect, with the cause
always preceding the effect. For example, if a wildlife vaccination programme is
assumed to impact mortality rates for a group of targeted populations, an arrow would

go from the treatment 7 the vaccination program, to the outcome of interest 1 the

ausat.i

population6s mortality rates. I n chapter tavo, |

Directed Acyclic Graph (Figure 2.1) - to visualize how wetlands affect breeding trends

of wetland birds, to demonstrate the assumptions that the analysis relies upon, and to
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select the variables that | believe are required to reduce confounding bias when
inferring the impact of the wetlands being evaluated. Graphical representations of
relationships between cause and effect play an important role for robust inferences by

visualizing proposed theories of how interventions affect outcomes of interest (often

referred to as fAtheory of changeo), whi

data to collect, and how to obtain unbiased effect estimates (Sills et al. 2017; Adams

et al. 2019; Guerra et al. 2019; Schleicher et al. 2019; Grace & Irvine 2020).

Confounding effects are the main concern when analyzing observational data and
understanding the causal structure of a problem is therefore particularly important
(Staplin et al. 2017). Confounding arises if a variable that affects both the outcome of
interest and the mechanism that assigns treatment is not accounted for. This is not a
concern in randomized experimental evaluations, because treatment is a randomized
process, thereby ensuring that, on average, the characteristics of the groups being
evaluated are similar. If the sample size is sufficiently large, this ensures that any
differences in outcome are caused by the treatment and not the covariates since these
are, on average, similar across trials. However, when estimating the impact of an
intervention of interest using observational data, such as the impact of protected areas
on bird abundance (Wauchope et al. 2019a; Cazalis et al. 2020, 2021b; Jellesmark et
al. 2021), the intervention is not assigned at random (Larsen et al. 2019). For example,
if we were to create a study testing the effect of protected areas on the abundance of
breeding birds, it would neither be logical nor practically feasible to randomly allocate
protected areas across time and space. Therefore, areas will often be protected
because of area-specific covariates that influence both the likelihood of receiving
protection and biodiversity outcomes within. For example, areas consisting of more

pristine habitat could be more likely to receive protection than areas of degraded
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habitat. If this is the case, and breeding bird abundance between protected and
unprotected areas is compared, then strict protection would be erroneously assessed
as being effective, whereas high abundance was in fact due to pre-treatment habitat

quality.

In 1974, Donald Rubin presented a framework that enables causal inference from
observational data (Rubin D. B 1974; Rubin 1990; Sekhon 2008). Rubi nbs
developed theory presented in earlier work by Jerzy Neyman (one of the great
statisticians of the twentieth century). The theory first presented by Neyman explained
how each unit has two outcomes, one if the unit is treated and the other if untreated,
with a causal effect being the differ
considered randomized experiments, but Rubin expanded this framework to allow
causal inference with observational data (Sekhon 2008; Rubin 2019). Randomization
ensures that units in the treatment and control group are exchangeable. Treatment
assignment is therefore not associated with any of the potential outcomes: the average
outcome in one group serves as the counterfactual for the other, and the treatment
effect can be estimated as the average difference between group outcomes. With
observational data, inferences can be made by assuming that treatment selection
depends on a set of observable covariates and that all units could, in theory, have
received treatment. Returning to the earlier example of a hypothetical study examining
the effect of protection on bird abundance, habitat quality would be included as a
covariate so that abundance was compared between areas that were of similar habitat
quality prior to protection. Moreover, | discuss methods that can balance group
samples, such as matching, later in this chapter. For such analysis to be feasible and
a causal estimate to be valid, data of high quality are required, inferences must be

made using appropriate statistical analysis, and most importantly, the causal structure
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of the system or problem being evaluated (i.e. the potential covariates) must be
thoroughly understood, as the researcher will not be able to identify which covariates
to control for otherwise. This requires not only technical knowledge about data analysis

but also subject-level expertise of the system (Hernan et al. 2019).

The developments in statistical techniques, study designs and causal inference theory
through the 20" century provided tremendous insights into the effects of different
treatments (Rubin 2019). However, despite the rise in knowledge gained through
these advances, new information does not always find its way into practice or policy.
As mentioned earlier, James Lindds fin
40 years later. In fact, in mature disciplines, such as medicine, anecdotal evidence still
guides common healthcare interventions even in modern times (Shah & Chung 2009).
However, the last 50 years has seen an increase in the adoption of evidence-based
policy and practice. This owes much to the pivotal role of Archie Cochrane who, in
1972, advanced evidence-based decision making within the medical sciences by
promoting the need for the systematic collation of scientific evidence and cementing

the role of medical research within both practice and policy (Cochrane 1972; Christie

2021).

Parallels have been drawn between medicine and conservation i both are crisis
disciplines that often require urgent action in situations with limited information (Pullin
& Knight 2001). However, unlike the major advances in the application of evidence for
deciding treatment strategies seen in medicine, it was not until the early 2000s that
similar approaches started to be promoted in conservation science (Kleiman et al.
2000; Pullin & Knight 2001; Salafsky et al. 2002; Salafsky & Margoluis 2003; Pullin et
al. 2004; Sutherland et al. 2004; Ferraro & Pattanayak 2006; Christie 2021). In 2004,
Bill Sutherland identified that access to evidence was a serious barrier for practitioners
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and policymakers wishing to apply the best possible conservation interventions
(Sutherland et al. 2004). Yet, despite more than a decade of advances in the
availability of evidence through open-access publications and free repositories,

evidence is still not being appropriately utilized, and conservation actions are still not

being evaluated accordingly (Sutherland & Wordley 2017).

The slow uptake of evidence can be attributed to a variety of causes (Sutherland et al
2017). For example, a conservation practitioner or policy maker may believe that the
knowledge they possess is sufficient, or that the evidence available is not relevant to
the conservation task. Another limitation is how to use the existing evidence for
evidence-based conservation (Salafsky et al. 2019). The training and background of
conservation practitioners is likely very different from conservation scientists.
Furthermore, conservation practitioners operate in different settings and environments
than clinical researchers, which restricts the degree to which evidence-based
frameworks from medicine can translate to the field of conservation. Additionally,
because of limited resources, the spatial extent of conservation actions such as
protected areas, and the complex and dynamic conditions that conservation projects
operate within (Margoluis et al. 2009; Salafsky et al. 2019), conservation actions are
often not evaluated. Furthermore, conservation projects often target threatened
species or large areas, thus making manipulative experiments potentially unethical or
requiring extensive resources. The spatial extent of conservation actions such as
protected areas are particularly prohibitive with regard to applying randomized
controlled trials, as protection can rarely be randomly allocated in the broader
landscape. Furthermore, to secure ecological representation of influential factors, such
as habitat composition, biological communities, human pressure and other factors

potentially influencing the impact of a conservation action, would require replication to
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a degree that is impractical and rarely possible (Ewers et al. 2011). The lack of
sufficient spatial replicates could lead to low external validity (the degree to which the
findings of a study are valid outside the settings they were obtained from, as opposed
to internal validity, which refers to the degree to which the findings obtained from a
specific study population represents the truth (Margoluis et al. 2009; Patino & Ferreira

2018)), therefore reducing the relevance to the broader conservation community.

Evaluation and study designs in conservation
science

Understanding the impact of past conservation actions is what enables future
conservation to be successful in a cost-effective manner, searching as
conservationists do,-forboc k@ .he Hbweg\wgerst

evidence from past evaluation efforts depends on the evaluation methods and study
designs applied in the individual studies (de Palma et al. 2018; Christie et al. 2019;
Ribas et al. 2020). The impact of conservation actions is influenced by social, political,
and biological factors, thereby increasing the need for extensive data and risk of model
misspecification, and thus complicating how to estimate conservation effectiveness.
For example, underlying differences between communities can influence the degree
to which individuals comply with conservation actions such as hunting quotas or bans
(Andrade & Rhodes 2012). Similarly, the abundance of local predators is likely to
influence populations of breeding birds, thus presenting eradication programmes as
more efficient in areas with lower predator pressure (Bolton et al. 2007). Without
adequate data that enables control of factors such as community differences or initial
predator pressure and correctly specified models, estimates of conservation

effectiveness can therefore be misleading (Keane et al. 2008). Another issue which
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has just recently started to receive attention in conservation science, is the degree to
which different study designs bias effect estimates (Eigenbrod et al. 2011,
Ranganathan & Aggarwal 2018; Christie et al. 2019, 2020c, 2020a). Study design
refers to the systematic collection of data, is an integral part of any evaluation, and
largely determines the type of evaluation possible and the credibility of the evidence

produced (Christie et al. 2019, 2020a; Larsen et al. 2019).

The estimation error describes the degree to which an estimate approximates the true
causal effect (Zhao et al. 2019) with the following equation that elegantly illustrates the

three fundamental causes of error in causal estimates:
Of 0 Q& OiE o 6 IQEBQQ AIQ BNRM D Qi | /) Qo' UANVDHH QE |

Where the difference between the estimator and the true causal effect is the estimation
error, the hidden bias term is due to poor study design, the misspecification bias is due
to parametric modelling, and the noise is random variation due to a finite sample.
Increasing the sample size reduces the potential negative effect of the noise term,
which is a strong argument for using larger observational datasets. The bias of the
study design arises the instant that we decide what data to collect (or include in the
case of post-hoc analysis) and cannot be corrected or identified by statistical methods
applied later, thus referred to as hidden bias in the equation. For example, if bias is
induced by systematic differences in pre-intervention covariates, but only post-
intervention information is collected (or included for post-hoc analysis), then there is
no method that can correct for this bias. Misspecification is easier to correct for, at
least in theory, and occurs when important variables that affect an outcome of interest

are not included in a model, irrelevant variables are included, or an erroneous
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functional form is specified between a dependent variable and an outcome of interest

(Begg & Lagakos 1990; Zhao et al. 2019).

Study designs are an integral part of any evaluation. While the study designs most
frequently applied in conservation science are discussed in chapter two, | will briefly
summarize the primary components here. Christie et al. (2020a) describes the
components linked to varying levels of study design bias as; randomization, sampling
before and after the impact of interest occurs, and using a control group. These

components can be combined to form study designs that vary in complexity and

inherent | evels of bias. The simplest study

units are monitored after an impact (e.g forest fire) or intervention of interest (e.g a
conservation intervention). This study design can provide information on rates of
change but cannot link these changes to an intervention of interest and thus have no
causal interpretation (de Palma et al. 2018). If combined with sampling pre-impact or
pre-i nt erventi on, t hiAsf theeaodo nsetsu day dBesfi ogrne
of counterfactuals, the pre-intervention outcome is intended to represent the
counterfactual outcome for the post-intervention period in the absence of treatment.
The O Brefftoerred study design has t hidervention i
outcomes are known, but it still lacks an appropriate control from the post-intervention
time period: any inference is therefore confounded if conditions that affect the outcome

(e.g. weather or habitat) pre-intervention differ from conditions post-intervention.

Another frequently used -shpagt desHgme,i san he

interest is monitored post-intervention inside areas that received the intervention
(Impact) and inside areas that did not (Control). The control represents the
counterfactual outcome for the impact group in the absence of treatment. Unlike the

A

0 Be thofrteer 6 study desi gn, controls that
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from the same time period are used, but pre-intervention conditions are not accounted

for, which increases the risk of bi as

caused

and 6l mpactd sampl-Ahgeudi addnpimld 6 Bd fecemrye de s i

be combined i #AftecContrbl¢ mpBet 6r st udy design, whi

reliability of effect estimates inferred by accounting for differences in outcome between

control and impact groups pre- and post-intervention.

Experimental evaluations that use RCTs remain particularly rare in conservation, with
few notable exceptions evaluating large-scale interventions (Jayachandran et al.
2017; Chaves et al. 2018; Wiik et al. 2019; Weigel et al. 2021). For example, Wiik et
al (2019) used randomization to evaluate the impact of a conservation incentive
programme on deforestation in the Bolivian Andes. Weigel et al (2021) also used a
randomi zed controlled trial to test a

adoption of conservation practices on rented farmland.

Quasi-experimental methods can be used for post-hoc evaluations of observational
data with non-random allocation of treatment groups. They are generally less resource
demanding, and so studies applying methods from this category are far more frequent
in the conservation literature (Ferraro et al. 2007; Butsic et al. 2017; Wauchope et al.
2019a; Cazalis et al. 2020; Terraube et al. 2020). The potential to use historical data
to answer new research questions is especially important. Researchers can utilize
advances in technology such as remote sensing and larger datasets to retrospectively
evaluate the impact of past actions and answer questions in situations without
experimental manipulation (Sagarin & Pauchard 2010; Larsen et al. 2019; Christie et
al. 2020a). The primary concern that researchers face with quasi-experimental
evaluations is ruling out alternative explanations for observed effects (Shadish et al.
2002). As discussed earlier, the problem arises if groups systematically differ on the
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conditions of receiving treatment in ways that could affect the outcome. Several
statistical approaches can address such potential confounding and are therefore
suitable for balancing samples, thus improving evaluations of conservation impact, in
particular in observational settings (Joppa & Pfaff 2010, 2011; Geldmann et al. 2013a,
2015, 2018, 2019; Ferraro & Pressey 2015; Barnes et al. 2016; Ferraro & Miranda
2017; Wichman & Ferraro 2017; Butsic et al. 2017; Wauchope et al. 2019a, 2021;

Schleicher et al. 2019; Terraube et al. 2020).

One approach that is particularly useful for quasi-experimental evaluations is statistical
matching. This can be used to select treatment and control groups with similar
covariate distributions from observational data, thus reducing the likelihood of
confounding bias (Stuart 2010). Matching is an umbrella term that covers a set of
conceptionally similar but technically different approaches. Treatment and control
groups are selected from the full sample based on similarity expressed through a unit
level distance measure. Here, unit refers to an entity being evaluated that does or does
not receive the treatment of interest

in clinical research). Exact matching is the simplest form. Here, treatment and control
groups are selected so that all units are similar given a vector of covariates.
Observations with dissimilar covariate values are discarded, thereby ensuring that the
treatment and control groups are identical when compared on the selected vector of
covariates. This type of matching theoretically secures the highest degree of sample
balance but can greatly reduce the sample size of the groups being evaluated,
because fewer observations will match stricter conditions. This is particularly true if
including continuous covariates, a high number of categorical covariates, or both (Ho
et al. 2007). Propensity score matching is an alternative approach: here, the two

vectors of covariates are collapsed into scalar propensity scores, often using logistic
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regression, representing the probability of receiving treatment given the covariates.
The distance between two observations can then be calculated as the scalar
difference, and treatment and control groups can be selected so that the minimum

distance is obtained.

Matching is increasingly being used to evaluate large-scale conservation
interventions, such as the effect of protected areas on outcomes that can either be
represented or proxied from remote sensing data (Joppa & Pfaff 2010, 2011;
Geldmann et al. 2013a, 2019; Schleicher et al. 2019; Ford et al. 2020), so that changes
in the outcome of interest are compared between areas with similar characteristics
(e.g. elevation, slope, type of land cover). Other measures of conservation interest,
such as population counts from monitoring programmes, can similarly be used to
evaluate an intervention of interest by matching conservation targeted populations
(e.g. bird counts from protected areas) to similar populations that were not targeted
(e.g. bird counts from outside protected areas). The populations without conservation
will then be approximations of how the conservation targeted populations could have
developed in the absence of conservation, and estimates of impact derived thereof

(Wauchope et al. 2019a, 2021; Jellesmark et al. 2021).

Non-experimental evaluations, such as protecting an area and then evaluating its
impact by observing the development of wildlife populations within, generally have low
credibility. As there is no comparison group, observed changes cannot be attributed
to the intervention being evaluated. However, non-experimental designs are not
without use and play a key role in day-to-day management. For example, in the Royal
Society for the Protection of Birds (RSPB), annual breeding counts are used as one
of many indicators to guide management decisions. While not ideal for settings that
require a high level of credibility, non-experimental evaluation is a cost-effective
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approach that utilizes the available information and is especially useful when

combined with the local knowledge of reserve managers.

An evaluation design that does not qualify for any of the above categories but is both
interesting and, to my knowledge, unique to conservation science, can be considered
under the broaderthemeofi | nf er ent i a(Grace pt@lr2024a). hnestatigtics,
inferential methods use sample-level information to generalize about the overall
population. However, in conservation science, the term also refers to studies that use
expert-knowledge to infor m counter factual scenari os, of
extinction risk without the impact of conservation. The impact of conservation can then
be assessed as the difference between a species extinction risk in the factual scenario
(what is currently observed) and its counterfactual representation without conservation
(Butchart et al. 2006; Hoffmann et al. 2010, 2015; Young et al. 2014; Bolam et al.
2020; Grace et al. 2021a). While the evaluation theory underlying these studies is
reasonably similar i they utilize expert knowledge to assess the extinction risk for
species in the absence of conservation 1 considerable variation still exists between

the methods of the different studies and how the counterfactuals are approximated.

For example, Butchart et al (2006) T to my knowledge the first to utilize expert-informed
counterfactuals for evaluating the impact of conservation actions 1T used a
counterfactual framework for estimating species extinction risk in the absence of
conservation. To measure the impact of conservation interventions on reducing
speciesbd6 extinction risk, avian experts con
threats and intensity and effectiveness of conservation actions for 27 bird species
between 1994-2004. Of these 27 species, 16 were deemed likely to have gone extinct
in the absence of conservation. The methods initially pioneered by Butchart et al
(2006) were later developed and used to assess the impact of conservation on the
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status of t he w(sloffinahid et al.v2610)t elomattehnse wor | dos
(Hoffmann et al. 2015) and to evaluate the impact of a conservation organization

(Young et al. 2014). More recently, Bolam et al (2020) used a similar expert-informed

method to measure the impact of conservatononbir d and mammal speci e
going extinct. A similar method is being used to assess the impact of past conservation

actions in the new IUCN framework: The Green Status of Species (Grace et al. 2021b,

2021a). While it is widely recognized that quantitative assessments would be

preferred, the data required to do so are often not available (Butchart et al. 2006;

Grace et al. 2021a). Developing quantitative counterfactual methods and thus
advancing quantitative assessments of conservation impact was the initial inspiration

for this thesis. By using matching and similar quantitative analysis, | set out to combine

datasets to create counterfactual population trends, and to evaluate large-scale
conservation actions using these trends. | hope that this research will advance the field

of conservation science, improve our understanding of how conservation impacts upon
speciesd populations, and i nifsale monspraatoncy by
impact. Foremost, | hope that this research will help contribute to the reversal of

ongoing global biodiversity loss.

Thesis overview

In this thesis, | focus on how to measure the impact of conservation actions on species
populations using quantitative methods. | demonstrate how to measure the impact of
conservation on different spatial scales - local, national and global - from observational
data for vertebrates. Informed by counterfactual theory, | estimate the impact of
protected areas on breeding populations of wetland birds, and investigate the

association between conservation actions within these areas and the breeding
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abundance of targeted populations. | then estimate the global impact of conservation
on speciesd populations in general by
trends, measuring the degree to which conservation has affected a global index of
vertebrate abundance, and assessing if certain conservation actions are more

successful than others.

In chapter two, | evaluate the impact of lowland wet grassland reserves on breeding
populations of wading birds in the United Kingdom. | match population counts from a
national survey on key reserve covariates to create counterfactual population trends
that represent how reserve populations could have developed in the absence of
conservation and use different matching specifications to represent the uncertainty in

the counterfactual trends.

In chapter three, | focus on the local drivers of breeding abundance within the reserves
evaluated in the previous chapter. | use management information collected from
annual reserve reports, paired with climatic data, to estimate the association between
specific conservation actions, such as water control and predator control, and annual

breeding abundance of wading birds.

In chapter four, | use a global database of vertebrate population time series to estimate
the global impact of conservation. | categorize conservation actions on a population
level to create counterfactual trends that represent how conservation targeted
populations may have developed without conservation, estimate the impact of
conservation on a global index of vertebrate abundance, and test the effectiveness of

the recorded conservation actions on population trends.

Finally, in chapter five | discuss the conclusions of this work, some of its limitations

and how to improve future evaluation efforts.
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Abstract

Wet grassland populations of wading birds in the United Kingdom have declined
severely since 1990. To help mitigate these declines, the Royal Society for the
Protection of Birds has restored and managed lowland wet grassland nature reserves
to benefit these and other species. However, the impact of these reserves on bird
population trends has not been evaluated experimentally due to a lack of control
populations. We compared population trends from 1994 to 2018 among five bird
species of conservation concern that breed on these nature reserves with
counterfactual trends created from matched breeding bird survey observations. We
compared reserve trends with 3 different counterfactuals based on different scenarios
of how reserve populations could have developed in the absence of conservation.
Effects of conservation interventions were positive for all four targeted wading bird
species: Lapwing (Vanellus vanellus), Redshank (Tringa totanus), Curlew (Numenius
arquata), and Snipe (Gallinago gallinago). There was no positive effect of conservation
interventions on reserves for the passerine, Yellow Wagtail (Motacilla flava). Our
approach using monitoring data to produce valid counterfactual controls is a broadly

applicable method allowing large-scale evaluation of conservation impact.

Introduction

Halting the decline of gl obal bi odiversity
environmental challenges. Within animal populations, declines have predominantly
been attributed to changes in land use, invasive species, exploitation of species and
habitats, pollution, and climate change (IPBES, 2019). Different actors, including
policy makers, nongovernmental organizations, and conservation practitioners, are

addressing this global decline through a range of conservation actions, chiefly habitat
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and species management interventions in- and outside protected areas. From 2010 to
2018, £817 million was spent on average each year to promote and protect biodiversity
in the United Kingdom alone (Department for Environment, Food & Rural Affairs,
2019). Despite these efforts, biodiversity indicators in the United Kingdom continue to
decline (Hayhow et al., 2019). An important question in understanding the impact of
conservation interventions on target populations is the extent to which those
interventions mitigate or reverse population declines (Hoffmann et al., 2010, 2015).
However, limited resources often mean that evaluation efforts do not extend beyond
simple measures of association. Population trends are often monitored in protected
areas, but appropriate control trends are not. Thus, whether population changes in
target species are caused by the management measures or represent changes that

would have occurred in the absence of that management remains untested.

To assess the impact of conservation, it is necessary to understand what would have
happened in the absence of conservation, that is, the counterfactual conservation
outcome (e.g., Baylis et al., 2016; Ferraro, 2009; Ferraro & Pattanayak, 2006). The
exact form of the counterfactual can never be known for certain. Ideally, a robust study
design, such as a randomized controlled trial (RCT) (random assignment of treatment
and control groups), could be used to infer the causal effect of a treatment by
approximating the counterfactual outcome. However, RCT designs are rarely used in
conservation. This is because randomization is often infeasible. For example, there
can be legislative obligations to manage protected sites in ways considered beneficial
to conservation, which makes it difficult to include unmanaged controls. In addition,
the scale of conservation interventions and sampling units may be too large to allow

for sufficient replication (Margoluis et al., 2009; Baylis et al., 2016; Wiik et al., 2019).
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Conservation practitioners resort to other evaluation designs because of the financial,
practical, and logistical challenges of the RCT design. These include after (A) methods
(e.g., increasing or decreasing posttreatment population size), before-after (BA)
methods (e.g., pre- treatment population changes are compared with post- treatment
population changes), and control-impact (Cl) methods (e.g., comparing population
densities inside reserves with population densities outside reserves). Such
approaches are important in determining the extent to which conservation objectives
are being achieved and are a prerequisite for adaptive management. However, if
potential biases are not properly addressed, these approaches cannot be used to
determine cause and effect with a high level of confidence. The after study design
describes the posttreatment rate of change and direction but does not provide insight
into whether the change would have differed without the treatment. The beforei after
study design assumes that temporal variability and confounding factors before and
after the intervention are comparable, and controli impact assumes time-for-space
substitution and comparability between groups. The validity of such inferences is
therefore compromised if a population would have developed similarly regardless of
conservation (e.g. A), if the effect of confounding variables is not homogenous across
time (e.g., BA), and if local variation is systematically different between impact and
control groups (e.g., Cl) (e.g., Ferraro & Pressey, 2015; De Palma et al., 2018; Adams
et al., 2019). To improve the credibility of an inference, the BA and the CI study design
can be combined, forming the beforei afteri controli impact (BACI) study design (e.g.,
comparing pretreatment and posttreatment densities in a treated and a control group
while accounting for the pretreatment density difference between treated and control
group). Using simulated ecological data, the BACI design can be used to estimate the

true effect size better than the true effect and direction), Cls (3.27 4.6 times more RCTs
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(1.30 1.8 times more likely to estimate £30% of likely), and A study designs (7.1i 10.1
times more likely) (Christie et al., 2019). However, this study design has many of the
same limitations as the RCT and is further limited if appropriate controls cannot be
identified ex ante (e.g., appropriate controls cannot be selected prior to measuring the

outcome of interest if confounders are unknown or poorly understood).

To produce reliable conservation effect estimates, matching techniques are
increasingly being used in conservation science (Sills et al., 2017; Schleicher et al.,
2019; Sonter et al., 2019). The intent of matching is to create treatment and control
groups with similar covariates by creating subsets of treatment and control samples
so that comparisons are carried out with groups that have similar characteristics (e.g.
comparing the outcome of a treated group to the outcome of a control group where
both groups are from the same habitat type, elevation, and country). The post
matching control group then represents the counterfactual outcome of the treated
group, and the effect of a given treatment can be inferred as the difference between
outcomes. For example, Ferraro et al. (2007) tested the effectiveness of U.S.
Endangered Species Act listing and funding on species recovery based on matching
of a set of observable covariates to account for bias in the listing and funding process.
They found listing is effective only when accompanied by adequate funding. Geldmann
et al. (2019) assessed whether protected areas (PAs) reduce anthropogenic pressure.
They used 10 variables linked to PA selection to match PAs to similar unprotected
areas and found that, on average, PAs do not reduce human pressure. Nevertheless,
although the theoretical potential of these methods has been highlighted, examples of
their application remain scarce (Ferraro & Pattanayak, 2006; Margoluis et al., 2009;

Joppa & Pfaff, 2010).
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We adopted a matching approach to explore the impact of specific conservation
interventions on a particular habitat of conservation concern in Europe: lowland wet
grassland (Franks et al., 2018). Conversion to other habitat types, changes in grazing
regimes, drainage, and agricultural intensification have adversely affected these
grasslands (Wilson et al., 2004). In particular, wetland bird species that use this habitat
to breed and overwinter, such as wading birds (Charadriiformes), have exhibited
severe breeding population declines as a result of these habitat changes (Wilson et
al., 2005; Boatman et al., 2007; Colhoun et al., 2017). For example, Lapwing (Vanellus
vanellus) populations, once abundant in the countryside of the United Kingdom,
declined by 42% from 1995 to 2017 (Harris et al., 2019). To help mitigate these
declines, the Royal Society for the Protection of Birds (RSPB) has allocated resources
to purchasing, restoring, and managing reserves in lowland wet grassland habitats to
benefit breeding wading birds in the United Kingdom. Conservation interventions, such
as raising and manipulating water levels, beneficial stock grazing regimes, control and
exclusion of generalist predators, and mechanical vegetation control, are implemented
on these reserves (Ausden et al., 2019). Conservation efforts of this type are
associated with increasing wading bird populations (Ausden & Hirons, 2002; Malpas
et al,, 2013; Smart et al.,, 2014). However, a central problem is whether the
conservation actions result in positive benefits to the target populations: is the
population performance better than would have occurred in the absence of these
interventions? We tested this by comparing breeding trends on the reserves with
matched counterfactual trends that represent how the trends may have developed in
the absence of reserve-based conservation interventions. This is, to our knowledge,
the first time post hoc evaluation of conservation interventions using quasi-

experimental after-control-impact ACI analyses has been carried out for conservation
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interventions in the United Kingdom. We used trends after intervention thus after and

matching reserve trends to counterfactual controls, therefore controli impact.

Methods

Data

We used bird counts from RSPB lowland wet grassland reserves and from the U.K.
Breeding Bird Survey (Harris et al .,

manages over 200 reserves across the United Kingdom; 47 of these contain lowland
wet grassland (Figure S2.7). Most of these reserves are in England (35); the rest are
in Scotland (7), Wales (3), and Northern Ireland (2). We chose lowland wet grassland
(i.e., periodically flooded grasslands below approximately 250 m elevation [Jefferson
& Grice, 1998]) because this is a habitat in which considerable resources have been
invested in habitat restoration and creation in recent decades. The area of lowland wet
grassland on individual reserves varies from 18 to 1,300 ha (mean site area = 95 ha
[SD 144). Some reserves consist of two or more noncontiguous blocks of lowland wet
grassland, which we refer to as sites. We used a total of 101 sites in the 47 reserves.
We treated new acquisitions of land as separate sites. The RSPB reserves are
managed in accordance with the biological requirements of priority species selected
for that reserve. The number of breeding pairs of priority bird species are counted
three times annually between April and June at each site with standard methods

described in Gilbert et al. (1998) (Appendix 2.1).

The focal wetland species were Garganey (Anas querquedula), Shoveler (A.
clypeata), Black-tailed Godwit (Limosa limosa), Lapwing, Curlew (Numenius arquata),

Snipe (Gallinago gallinago), Redshank (Tringa totanus), and Yellow Wagtail (Motacilla
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flava). Analysis concentrated on the latter five abundant species. These species were
chosen for practical reasons. First, populations breed on reserves; second, they are
currently RSPB priority species and have been monitored both on reserves and in the
wider countryside (see below); and third, and most importantly, conservation
interventions are designed to closely match their biological breeding requirements,
making the number of breeding birds a natural response to the conservation type we

evaluated (Table S2.4).

In the case of Snipe and Yellow Wagtail, a large proportion of their breeding reserve
population (59% and 90%, respectively, at the start of the period analysed) occurred
at a single reserve, the Ouse Washes in Norfolk and Cambridgeshire. This site is
atypical because breeding birds are sometimes disrupted by flooding during the
breeding season; the site is designed to temporarily store floodwater. This flooding is
outside the control of the reserve management and explains population declines for
Black-tailed Godwit (Ratcliffe et al., 2005). We therefore carried out analyses with and

without the Ouse Washes for Snipe and Yellow Wagtalil.

We obtained matching data to compute counterfactual population trends from the U.K.
Breeding Bird Survey (BBS), managed by the British Trust for Ornithology. This
scheme was started in 1994 and monitors changes in the national breeding trends of
more than a hundred common and widespread bird species (Gregory et al., 2000;
Harris et al., 2019). Surveying is performed in 1 x 1 km grids, each consisting of 10
transects. The type of habitat is recorded in a separate visit prior to 2 annual bird
counts between April and June (Appendix 2.1). We used the habitat data recorded in
the BBS and elevation data from the OS terrain 50 data set and the USGS EROS

Archive i Digital Elevation (SRTM) 1 Arc-Second Global to calculate mean elevations.
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We selected observations from lowland wet grassland sites and target species to
create 1 reserve sample (i.e., treated sites) and matched the BBS data exactly on
covariates affecting reserve selection and breeding trend (Table 2.1) to create the
counterfactual sample (i.e. the control sites) for each species. We call this our
benchmark counterfactual, as opposed to 2 other variants introduced to test sensitivity
of the results (see below and Table 2.1). The counterfactuals were created by selecting
observations from BBS grids containing certain habitats (Table 2.1) because we
believe these are the best approximations of how reserve land would have developed
without reserve conservation. We did not set a minimum proportion of the selected
habitats or the exact mix of habitats that a grid had to contain to be included in the
counterfactual sample. In the BBS, birds are counted in transect of 200 m and habitat
is determined similarly. This also means that both bird numbers and habitat distinction
come with some uncertainty regarding exactly where habitat changes and birds are

observed. To account for this uncertainty, we operated on 1-km grid level.

We used a directed acyclic graph (DAG) to present our hypothesis for how wetland
conservation affects breeding trends and to select matching covariates (Fig. 2.1) (e.g.,
Stuart, 2010; Pearl & Mackenzie, 2018; Hernan & Robins, 2020). Lowland wet
grassland conservation is a cause of change in habitat quality (habitat, hydrology, food
availability, and predator pressure) (Smart & Coutts, 2004; Verhulst et al., 2007,
Eglington et al., 2008; Acreman et al., 2010; Ausden & Bolton, 2012; Smart et al.,
2014), which then causes a change in the breeding trend. Habitat quality is improved
by converting or forming the habitat from other habitat types to grassland, by changing
the hydrological conditions using water control structures and land forming, by

maintaining a habitable sward through grazing by domestic livestock and mowing; by
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mechanically removing shrubs and trees to remove perches for avian predators; and

by reducing the impact of predation by controlling or excluding generalist predators.

We excluded counts from the matched control sample if they originated from grids
spatially overlapping with the chosen
Assumptiono in Rubin [1980]). Transect
excluding transect counts with >10 individuals as birds on passage because it is not
likely the study species breed in such high densities (Field & Gregory, 1999). The
maximum annual grid count for each species was used, and grids surveyed only once
over the entire period were excluded. Furthermore, to avoid uncertain trend estimates,
we excluded all BBS species that were observed in <30 grids annually (Newson et al.
2009). Pre-analysis data manipulation and graphics were done with the tidyverse
packages (Wickham et al., 2019) and DAGs with the dagitty package (Textor et al.,
2016). All analysis, visualization, and manipulation were implemented using R version

3.5.1 (R Core team, 2019).

Table 2.1 The variables used in the creation of the benchmark, liberal and stringent

counterfactuals.

reser

cout

Benchmark Liberal Stringent

1 Elevation < 250m  From 1994-2018 I Elevation < 250m
 From 1994-2018 M From the UK  From 1994-2018

1 From the UK 1 Contains the target 1 From the UK

semi-natural more similar to wet

T Contains the target species f Contains the target species
species 1 Grids* containing semi-

1 Grids* containing natural grassland types
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grassland / marsh grassland (dry grasslands,

(chalk downland, water meadows/grazing
grass moor, grass marsh, reed swamp or
moor mixed with other open marsh).

heather, machair
other dry
grassland, water-
meadow/grazing
marsh, reed
swamp, other open
marsh or

saltmarsh)

Species Habitat potential

Time-variant factors Country-variant factors

Food availability

Hydrology

Lowland wet

- Breeding trend
grassland conservation

Habitat

Predator pressure
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Figure 2.1 Hypothesized effect of management of habitat, hydrology, food availability,
and predators in lowland wet grasslands on breeding bird trends (yellow circles
represent confounding factors that may affect reserve selection and the breeding

trends).

Data analyses

We used imputed counts to calculate the species totals used to create reserve and
counterfactual trend indices. Imputed means that if a given site (BBS grid or reserve
site) in a given year has been monitored, then the observed count is used; otherwise,
the missing count is estimated (Appendix 2.3). Missing population counts were
estimated separately for each species x reserve or counterfactual combination with a
loglinear model with Poisson error terms. Each count was modeled as a function of
site and year effects (Eq. 1) with the rtrim package (Bogart et al., 2020). The SE was
adjusted for overdispersion and temporal autocorrelation (Bogart et al., 2020;

Pannekoek et al., 2018).

0& | (1)

where @ is the estimated count for site i at time j,| is the average log-count of site

i, and] is the average log-count deviation at time j across all sites.

We used indices to reflect relative changes in breeding pairs through time. The indices
were calculated by dividing each annual total imputed count by a reference value that

was set as the total count in the first time point (year 1994). Each set of indices was
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then tested against its counterfactual to examine whether the two sets of indices were
different based on a Welch 2-sample t test. If any difference could be statistically
substantiated (p < 0.05), the effect size was assessed as the mean trend of the

counterfactual indices subtracted from the corresponding annual reserve indices.

A concern with quasi-experimental inferences is whether the correct variables have
been included in the matching process (Stuart, 2010). We therefore created two
alternative counterfactuals, imposing different matching requirements (Table 2.1). We
created a liberal counterfactual that imposes only exact species as a covariate
restriction. The liberal counterfactual relaxes the criterion to define like for like in
control populations but has the potential advantage of increasing the number of control
populations. This counterfactual assumes that, on average, the reserve populations
would have developed like any other population in the United Kingdom. We also
created a stringent counterfactual that matches on exact species observations and
has a subset of the habitat types used in the benchmark that is closer to the lowland
wet grasslands in RSPB reserves. That is, matching grids were lowland (mean
elevation below 250 m) and contained transects of either dry grassland; water
meadows or grazing marsh; reed swamp; or open marshland. The stringent
counterfactual thus assumes that, for each species, the average reserve trend would
have developed like that of an average primarily lowland wet habitat regardless of
conservation action. The increase in similarity requirements of matching populations
comes at the cost of further limiting their numbers, thus potentially reducing the
statistical power of the analyses. However, it might better describe the effect of
conservation by reducing confounding effects. We assessed whether the results were
robust to the counterfactual used by comparing the t-test results from both the liberal

and stringent counterfactual (each one tested separately against the reserve indices)
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with the t-test results of the benchmark counterfactual (benchmark indices tested
against reserve indices). We also examined the relationship between site age and
changes in breeding counts and whether reserve trends were sensitive to exclusion of

sites with large breeding counts (Figure S2.4).

Results

Shoveler, Garganey, and Black-tailed Godwit were not sufficiently represented in the
BBS data to create valid benchmark counterfactuals but showed either stable or
increasing trends on reserves (Figure S2.1). The distribution of the remaining target
species across lowland wet grassland reserve sites varied considerably. Lapwing and
Curlew were present on most reserve sites and BBS grids, and Yellow Wagtail and
Redshank were consistently rarer than other species, regardless of the counterfactual
approach used (Table 2.2 and Table S2.2). The BBS grids used for the benchmark
counterfactuals consisted primarily of farmland (45.5%), wet grassland transects
(seminatural grassland types used in the stringent counterfactual in Table 2.1)
(19.9%), and other semi-natural grassland transects (remaining semi-natural
grassland types) (12.7%), whereas the liberal counterfactuals consisted primarily of
farmland (67.3%) and other habitat types (24.7%). The stringent counterfactuals
consisted primarily of wet grassland transects (27.6%) and farmland (47.4%) (Table
S2.3). The largest relative increase in breeding pairs occurred within the first 10 years

of reserve creation (Figure S2.5).

The breeding indices for Snipe and Yellow Wagtail across all lowland wet grassland
reserves could not be statistically distinguished from their benchmark counterfactuals
(Snipe: t=1.9, df =40, p =0.07; Yellow Wagtail: t =-0.3, df =39, p = 0.79). However,

when the Ouse Washes was excluded from the reserve data set (because its spring
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flooding is known to negate the effect of wetland management), the Snipe indices
became more positive than its benchmark counterfactual (Fig. 2.2 & Figure S2.2) (t =
4, df = 47, p = 0.0002). The indices for Yellow Wagtail were unchanged by this

exclusion (Figure S2.2).

Indices of Lapwing (t = 7.6, df = 40, p < 0.0001), Redshank (t = 9.4, df = 45, p <
0.0001), and Curlew (t = 5.3, df = 35, p < 0.0001) were all more positive on reserves.
The mean annual trend difference represented an improvement of around 2.4% for
Lapwing, 4.5% for Redshank, 1.5% for Snipe (Ouse Washes excluded) and 1.4% for
Curlew. Thus, from 1994 to 2018 on lowland wet grassland reserves, Snipe
populations increased by 36%, whereas the benchmark counterfactual remained
stable around 1, suggesting that conservation interventions on these reserves were
responsible for that increase. Curlew populations decreased by 23% compared with a
55% decline on the benchmark counterfactual, implying a 33% improvement caused
by conservation interventions on reserves. From 1994 to 2018, Lapwing populations
increased by 13%, but the benchmark counterfactual suggested they would have
decreased by 44% without conservation interventions, resulting in a 57% index
improvement by conservation. Redshank populations on reserves increased by 51%,
whereas the benchmark counterfactual decreased by 57% without conservation,

attributing a relative improvement of 108% to conservation interventions.
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Figure 2.2 Breeding trends from 1994 to 2018 for the five target bird species inside
reserves (solid line) and the benchmark counterfactual trends (dashed line) (shading,
SE). The Ouse washes reserve was excluded for Snipe. Indices are calculated using

imputed counts from loglinear models (see Methods).

Regardless of which counterfactual we compared with, the reserve indices were more
positive for the four wading bird species and similar for Yellow Wagtail (Figure 2.3).
The three counterfactuals were very similar for Lapwing, Redshank and Yellow
Wagtail but more dissimilar for Curlew and Snipe. The difference between the Curlew
reserve indices and its liberal counterfactual became less pronounced (Figure 2.3; t =
2.4, df = 39, p = 0.02) than when the reserve indices were compared with the
benchmark scenario, whereas the reserve indices differed more from their stringent
counterfactuals for both Curlew (t = 5.1, df = 32, p < 0.0001) and Snipe (t = 10.2, df =

48, p < 0.0001).
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Figure 2.3 Breeding trends from 1994 to 2018 based on the liberal, benchmark, and
the stringent matching settings. The Ouse washes reserve was excluded for Snipe.
Indices are calculated using imputed counts from loglinear models (see Methods). To

ease visualization, SEs are excluded (see Figure S2.3 for figure with SES).

Discussion

We used a quasi-experimental approach to demonstrate how long-term population
monitoring data can be used to evaluate the impact of conservation. We found that
lowland wet grassland conservation has benefitted Lapwing, Redshank, and Curlew
populations and, if an atypical site is excluded, that it also benefitted Snipe. We found
no reserve effect for Yellow Wagtail and were not able to compare breeding
populations of three other species (Black-tailed Godwit, Garganey, and Shoveler)
because they were too rare outside of nature reserves, although they showed either
stable or increasing trends on reserves. Based on the benchmark counterfactual
trends, Snipe (Ouse Washes excluded), Lapwing, and Redshank populations all

increased on reserves, but would have decreased or remained stable without this
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conservation, whereas Curlew populations decreased much less on reserves than
they would otherwise have done. For the four wading bird species, the reserve indices
were higher than their counterfactuals regardless of which counterfactual they were
compared with; positive effects of reserve conservation were strong in all cases.
However, different counterfactuals can produce different results, here illustrated by the
different counterfactual trends in each species (Figure 2.3). The effect of reserve
conservation became less pronounced for Curlew under the liberal counterfactual,
suggesting that this species may be faring slightly better in habitats other than wet
grassland. Nevertheless, the differences in the three counterfactual trends for Curlew
were small (Figure 2.3). Overall, our findings concur with others (Ausden et al., 2019;
Verhulst et al., 2007) in substantiating the positive effects of conservation actions on

target breeding wetland bird populations.

The target wading bird species in our study should theoretically benefit from lowland
wet grassland conservation, but not necessarily in equal measure. European
grassland-breeding wading birds display species-specific responses to different types
of grassland conservation (Franks et al., 2018). Wetland conservation management
incorporates a range of different intervention types 7 from the conversion of, for
example, ex-arable land to grassland, to changes in hydrology and grazing and
mowing regimes. The degree to which each intervention type provides suitable
conditions for the different study species may therefore differ. For example, Ausden et
al. (2019) suggest that limiting livestock grazing in spring, which aims to reduce
trampling of wading birdsdé nest s, coul
because they often feed in close association with domestic livestock. While Yellow
Wagtail breed in wetland habitats, it has not been a priority species until recently and

has not been actively targeted by management. This species is also the only long-
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distance migrant among the study species, and changes on its wintering grounds in
Africa and migration paths may also affect its breeding population (Wood, 1992;
Newton, 2006), thereby rendering conservation efforts in the breeding range less

effective or redundant.

There are also multiple reserve specific conditions we did not account for. For
example, because of improved breeding conditions, new sites recruit breeding pairs
faster than older reserve sites (Figure S2.5). Further research is needed to explore
why reserve effects differ across study species (e.g. the declining reserve trend for
Curlew in contrast to the increasing reserve trends for Redshank, Lapwing, and Snipe)
and in particular how population responses relate to site-specific interventions, reserve

age and size, and finer-scale abiotic and habitat covariates.

We created separate reserve and counterfactual indices for each species based on
the total annual number of breeding pairs. Because of the method used, a large decline
on one reserve and stable or slightly increasing breeding numbers in all other reserves
could still produce a decreasing trend if the total number of breeding birds declined
overall. This can potentially mask the indi
illustrated when excluding the Ouse Washes from the analysis of Snipe populations.
However, our results were largely robust to exclusion of sites with large proportions of

breeding numbers (Figure S2.4).

The method we used provides several benefits over other evaluation methods for
conservation impacts. It allows the use of population monitoring data sets to emulate
a robust ex post study design. The interpretation of the results is intuitive (diverging
lines in Figure 2.2 mean that the observed scenario differs from its counterfactual),

and results are easily communicated to an audience without statistical knowledge.
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Although our method is marginally more complex than study designs such as the
A Af titedoed not require more resources. European monitoring data, such as the

BBS data, are often freely available.

This method also allows a more detailed analysis of impacts than other study designs.
For exampl e, using the niAf e eselve tradtateothe,
establishment of the reserve exclusively, Redshank and Snipe would be the only
species with a clear increasing trend. Assessing whether reserve conservation works
exclusively based on whether a population trend is increasing implicitly assumes that
the population would remain stable in the absence of conservation, which is far from
the reality of ongoing population declines outside reserves (Harris et al., 2019). If the
assessment had been done using a classical land-use control-impact study design,
where the number of birds in each reserve would have been counted at one point in
time, we would be able to compare densities but not trends. Our method (after-control-
impact) ex post compares trends and depicts the dynamic development of populations
through time, whereas control-impact studies provide only a temporal snapshot. The
dynamic element is advantageous because it allows identification of divergent
mechanisms through time and shows visually how adding new reserves affects the

overall reserve trend.

Matching is increasingly being used in combination with regression techniques to
assess the effect of conservation initiatives (Terraube et al., 2020). However, matching
alone does not necessarily improve effect inferences and, because of reductions in
sample size, may not have the same power to detect effects as regression techniques
(Brazauskas & Logan, 2016). The RSPB reserve and BBS data sets we used covered
long periods (>20 years) and included breeding bird counts derived from robust study
designs. Such data sets are not common, and a quasi-experimental evaluation design
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like ours will not necessarily be applicable or appropriate elsewhere (see Walker et al.,
[2018] for alternative impact evaluation using BBS monitoring data). Furthermore, for
matching to be appropriate, it requires a clear theory of how the treatment changes
the outcome (Figure 2.1 and Data section) and careful selection of matching variables
and methods accordingly (Schleicher et al., 2019). Using exact matching, we were
able to retain sufficiently large sample sizes to run the loglinear models for five out of
eight species. Other quasi-experimental designs with fewer data or higher covariate
complexity (higher number of covariates or continuous covariates) will either be

impractical or require other matching methods (lacus et al., 2019).

Reserves and BBS grids are surveyed using different survey protocols. Some of these
differences could potentially lead to larger uncertainty and year-on-year variance;
however, we do not believe this is the case. Each grid or site is surveyed with
consistent effort each year, which means that a potential bias is also consistent and
accounted for by using indices. Additionally, the counterfactuals created from the BBS
are generally based on a relatively large number of annual observations. For further
discussion see Appendix 2.2. One way to create credible counterfactuals is through
well-monitored control areas. This should reduce the likelihood of a mis-specified
control group and enhance the credibility of the inference, but in order to make this
possible, monitoring of control sites must be a priority, with a further emphasis on
consistent survey method. This may be difficult for the reasons described in the
Introduction. Our results nonetheless suggest that dedicated conservation efforts have
benefited target lowland wet grassland bird species and that monitoring programs can
be used to evaluate the impact of conservation interventions by creating credible

counterfactuals through matching approaches.
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Supplementary material

Table S1.1 Number of sites or grids per year available in the reserve and
counterfactual indices. R = number of reserve sites, B = number of grids in the
benchmark counterfactual, L = number of grids in the liberal counterfactual, S =

number of grids in the stringent counterfactual. Shown for each species.

77



Year Blzcc:)lztv?/ii![ed Curlew Garganey Lapwing Redshank Shoveler Snipe Yellow wagtail

R B L S R B L S R B L S R B L S R B L S R B L S R B L S R B L S
1994 0 5 14 3 13 80 700 51 0 1 10 1 26 105 976 69 24 31 18 20 0O 14 55 12 22 59 321 37 1 23 376 16
1996 2 6 15 5 11 89 757 59 14 2 10 2 23 114 1078 81 21 32 202 23 9 14 61 13 16 60 359 37 5 26 417 18
1996 2 9 24 6 16 97 851 61 14 2 10 2 31 119 1188 84 28 39 221 26 9 18 69 17 25 68 420 43 5 28 447 20
1997 2 8 22 7 16 110 961 76 14 2 11 2 33 139 1360 103 29 42 236 31 9 20 74 19 26 79 437 51 5 36 533 26
1998 2 6 22 5 16 120 994 84 14 1 11 1 34 146 1398 110 30 50 255 39 8 21 82 20 26 87 461 55 5 36 519 28
1999 2 8 21 7 16 125 1028 93 14 1 11 1 37 147 1449 115 33 50 257 39 8 23 79 22 27 82 448 53 5 36 541 27
2000 2 9 23 8 16 117 979 89 14 3 11 3 40 136 1390 102 37 50 262 41 11 24 79 23 30 70 426 47 6 35 516 27
2000 2 4 9 3 6 17 165 14 15 0 3 0O 34 30 328 23 31 15 63 13 12 9 3B 8 21 12 78 10 6 8 130 8
2002 3 8 26 7 16 105 924 Y5 18 2 8 2 44 128 1311 91 41 44 235 35 13 19 76 18 31 66 414 44 6 26 460 22
2003 3 9 26 8 18 120 969 88 20 3 12 3 51 146 1386 111 45 52 252 41 15 27 88 26 35 78 441 54 8 29 491 24
2004 3 9 24 8 19 135 1050 96 23 3 13 3 54 165 1500 125 46 52 266 39 18 26 83 25 38 85 462 55 11 42 527 34
2005 3 14 30 13 20 152 1137 107 25 4 17 4 62 195 1725 148 53 56 307 45 27 29 102 27 40 93 506 66 11 44 600 36
2006 3 13 37 10 20 152 1324 106 28 5 17 5 69 194 1988 143 59 62 377 49 29 32 104 28 42 86 628 57 16 51 673 37
2007 3 19 38 16 22 164 1610 110 30 4 15 4 75 217 2221 159 66 68 421 51 33 34 105 30 47 98 817 62 18 53 714 36
2008 3 15 35 12 22 145 1466 98 32 5 17 5 83 189 2026 139 73 58 390 44 38 32 93 30 48 83 747 54 21 44 639 30
2009 3 17 39 14 22 127 1439 85 34 5 14 5 86 173 2009 122 77 51 389 38 40 29 97 28 50 72 743 45 22 41 634 27
2010 3 13 38 10 22 130 1398 87 34 5 15 5 87 169 1957 127 76 46 377 36 43 26 92 25 50 62 715 39 23 40 601 28
2011 3 15 37 13 22 120 1177 82 35 4 16 4 90 155 1735 117 80 44 325 32 43 23 87 22 52 64 557 41 23 36 587 26
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Table S2.2 Percentage of data points (site or grid x year) observed and the total
number of estimated and observed data points used to create the reserve and

counterfactual trends.

Benchmark Liberal Stringent
counterfactual counterfactual counterfadual

Species Reserve
Observed Total Observed Total Observed Total Observed  Total

Curlew 81.9% 575 35% 9275 51.6% 80575 32.4% 9500
Lapwing 67% 2425 34.4% 12175 47.3% 61925 33% 6675
Redshank 66.4% 2175 58.5% 2208 51.3% 14725 35.5% 2700
Snipe 74.8% 1325 34.8% 5675 45.3% 30300 34.5% 3675

Yellow

. 533% 725 37.4% 2625 55.6% 25475 35.4% 2050
wagtail

Table S2.2 The percentage of transects from all five target species used in the
counterfactualswhi ch contains the grgarsassl salnadn o oy,p efisWafitC
meadows/ grazing marsho, AReed swampo and fC
remaining semi-natural grassland in at least one of the two primary habitat

categories but none of the wet grassland habitat types (Grassland), farmland but not

grassland (Farmland), and the percentage of transects which contain neither of the

above habitat types (Other).

Wet Grassland Farmland Other Number
Counterfactual grassland of
transects
Benchmark 19.9% 12.7% 455% 21.9% 67123
Liberal 2.8% 5.2% 67.3% 24.7% 612340
Stringent 27.6% 2.7% 47.4% 22.3% 47918
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and the species that benefit from these (X = benefit).

Table S2.3 Proposed relationship between four categories of wetland management

Species

Blacktailed
godwit

Curlew
Garganey
Lapwing
Redshank
Shoveler
Snipe

Yellow Wagtalil

Mechanism

Reference

Predator
control

X

X X X X X X

Reduces levels
of nest and
chick predation

Malpaset al

Vegetation
management

X

X

X
X

Used to provide
suitable sward height
and structure for
nesting and feeding
birds

Smart & Coutts 2004;

2013; Ausden et Ausden et al 2019

al 2019

Water control Wet features

structures

X X
X

X X
X X
X X
X X
X X
X X

Helps maintain optimal Increases the area

water levels for the of shallow

relevant bird species  water/mud for
birds to feed in

Smart & Coutts 2004; Smart & Coutts

Eglington et al 2008;  2004; Eglington et

Ausden et al 2019 al 2008; Ausden et
al 2019
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Black-tailed godwit Garganey a5 Shoveler

1

Index - 1994

1994 2000 2006 2012 201801994 2000 2006 2012 2018 1994 2000 2006 2012 2018
Time

Figure S2.1 Reserve trends from 1994-2018 for Black-tailed godwit, Garganey and
Shoveler. Indices have been calculated using imputed counts from loglinear models
(as described in the method section). The shaded area delineates the standard

error.
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Figure S2.2 The Snipe and Yellow Wagtail reserve trend with and without the Ouse

Washes. Indices have been calculated using imputed counts from loglinear models

(as described in the method section). The shaded area delineates the standard error.
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