
Cost-effective methods in conservation 

submitted by 

Els Karel Theresia Etienne Henry Van Burm 

Submitted in total fulfilment of the requirements 
of the degree of Doctor of Philosophy 

School of BioSciences 
Faculty of Science 

University of Melbourne 

July 2018 



i 

ABSTRACT 

Conservation resources are scarce, whether it is time, money or effort. Therefore, wise 

spending is important and decisions need to be made on how to prioritise limited resources 

between different conservation actions. Effectively targeting declines in biodiversity requires 

monitoring and management, each of which contribute differently to improved conservation 

outcomes. Monitoring provides information about the system (whether it is about the state or 

the dynamics), while management aims to halt downward population trajectories. Often 

monitoring and management are competing for the same resources, creating trade-offs in how 

these resources should be spent.  

In this thesis, I examine trade-offs in conservation, by focusing on how alternative resource 

allocations within monitoring, and between monitoring and management, impact the ultimate 

conservation outcome. I illustrate this with two case studies: the endangered growling grass 

frog (Litoria raniformis) metapopulation around Melbourne, Australia, and the invasive yellow 

crazy ant (Anoplolepis gracilipes) on Christmas Island, Australia.  

The first chapter provides a general introduction to the role of monitoring and management in 

conservation and the trade-offs that exist within and between them. In the second chapter, I 

examine whether increasing the spatial coverage of a monitoring program for the growling 

grass frog can replace learning about metapopulation dynamics in terms of population 

persistence. The advantage of obtaining reliable estimates from spatial monitoring over 

temporal monitoring is that wasting invaluable time is avoided.  

In the third chapter, I explore management of the endangered growling grass frog 

metapopulation, and study how alternative resource allocations between monitoring and 

management affect the confidence about sufficient offsetting actions. Increasing urbanisation 

requires habitat offsetting to reduce further declines in the metapopulation. Investing in 
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monitoring might result in more precise estimates of the metapopulation dynamics, and hence 

allow managers to be more confident about which management strategy might be best. More 

management, on the other hand, might reduce the extinction risk of the metapopulation directly, 

provided suitable actions are chosen. Determining the optimal allocation of resources between 

the two is important to ensure the metapopulation gains as much as possible from the 

implemented offsetting management.  

In the fourth chapter, I switch focus to an invasive species, the yellow crazy ant, and investigate 

how to optimally survey an island for high density super-colonies. I compare effectiveness of 

a survey strategy that explicitly accounts for the variation in survey cost across the island with 

alternative ones that ignore survey cost estimates.  

In the fifth chapter, I determine the amount of monitoring data that contains sufficient 

information to find the ant super-colonies. Using a habitat suitability model for the super-

colonies, combined with survey cost estimates, I prioritise sites, and evaluate the impact of 

more monitoring data on the amount of super-colonies found. Monitoring a small part of the 

island is sufficient to find the maximum possible super-colonies for a particular budget, 

resulting in the effectiveness of the survey strategy levelling off. This suggests that the 

resources that are currently spent on monitoring the entire island, can be redirected towards 

management of the invasive species. Finally, in the last chapter, I summarise the main findings 

of this research and discuss some potential paths for future research.  
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CHAPTER 1 GENERAL INTRODUCTION 

1 

THE BIODIVERSITY CRISIS AND CONSERVATION  

Biodiversity is rapidly declining, with humanity being the main driver of this downward trend (Pimm 

et al. 2014). Current extinction rates are believed to be one thousand times higher than before human 

impacts, such as habitat destruction, climate change and invasive species introductions, and rates might 

even be higher for undescribed species (e.g. Appeltans et al. 2012; Scheffers et al. 2012). For example, 

changing the flow regimes of large rivers has been disastrous for the survival and dispersal of freshwater 

fishes (Nilsson et al. 2005), invasive herbivores on small islands drive endemic plants to extinction 

(Joppa et al. 2013), while introduced predators eat their way through native animals (Doherty et al. 

2016) and anthropogenic climate change may have claimed its first species (Waller et al. 2017). With 

human population growth expected to continue, and concurrent increases in consumption and 

exploitation of the environment, further increases in extinction rates are likely (Pereira et al. 2010).  

It is crucial that sufficient resources are allocated towards biodiversity conservation to contain further 

losses and to reduce extinction rates of species. Unfortunately, conservation resources are scarce 

(McCarthy et al. 2012) and therefore need to be spent wisely. Effective biodiversity conservation 

requires monitoring and management, which both require resources, whether it is time, money or effort 

(McDonald-Madden et al. 2010). To wisely allocate contested resources, it is important to determine 

how alternative spending within and between them affects the ultimate conservation outcome.  

MONITORING AND MANAGEMENT FOR CONSERVATION 

Effective management should directly improve the trajectory of threatened populations (Waldron et al. 

2013). Actions such as habitat restoration, captive breeding in conjunction with reintroduction and 

habitat protection can reduce or reverse biodiversity loss (e.g. Griffiths & Pavajeau 2008; Wilkie et al. 

2011; Butchart et al. 2012; Newmark et al. 2017). However, deciding on how to best manage ecological 

systems is extremely complex and surrounded by uncertainty (Polasky et al. 2011).  

Monitoring can be done for a range of reasons in conservation. One such type is surveillance (or 

serendipitous) monitoring. Surveillance monitoring is long-term and usually focused at detecting trends. 

It does not necessarily have pre-existing knowledge or expectation about what patterns will emerge, but 

can be highly valuable as reference data or to trigger interventions when alarming trends are observed 
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(Nichols & Williams 2006; Wintle, Runge & Bekessy 2010). Some monitoring also aims to raise public 

awareness (Wintle in Legge et al. 2018). This type of monitoring engages the public in programs 

associated with species of conservation concern, such as citizen science. The benefits of such programs 

to conservation outcomes are uncertain since they are hard to prove (Crall et al. 2011).   

Often conservation management is urgent and decisions need to be made under considerable uncertainty 

(Regan, Colyvan & Burgman 2002; Burgman 2005). Monitoring can reduce uncertainty in conservation 

decisions in two key ways. Firstly, monitoring provides information about the state of the system, telling 

the decision maker whether an intervention is even necessary (Lyons et al. 2008). If the state of the 

system is such that management is required (for instance, if the size of a population falls below a certain 

threshold), collecting monitoring data is a crucial step to learn about the dynamics of the system.  

Secondly, monitoring the threatened populations or systems through space and/or time delivers essential 

information on how they respond to management. Learning about these dynamics is critical to make 

reliable decisions about which management action to implement, such as actions to improve the 

threatened population. To know what exactly to monitor, one needs to have a realistic model of the 

driving factors of the dynamics of the ecological system. Nonetheless, completely reducing uncertainty 

is impossible, as it is unlikely that any given analysis fully considers all drivers and dynamics. 

Furthermore, ecological systems are subject to stochasticity, adding a level of uncertainty that is almost 

impossible to resolve (Wintle in Legge et al. 2018).  

When models of ecological processes are available, monitoring the system will reduce the uncertainty 

associated with parameters of interest (such as the probability of sites being occupied by particular 

species). The more monitoring data are available, the smaller the uncertainty associated with the 

parameter estimates and the more confidence about the driving factors behind their dynamics. 

Monitoring can be done in a static manner, where the sampling design is constant over space and/or 

time, or in an adaptive manner, with monitoring being adjusted when more information becomes 

available. Targeting key uncertainties through an adaptive monitoring design is likely to reduce 

uncertainty faster than monitoring in a static manner, hence, the optimal monitoring design can be 

adaptive over time (e.g. Pacifici et al. 2016, Specht et al. 2017, Williams et al. 2018).  
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Monitoring can be used to evaluate the impact of management on a threatened system or population in 

an adaptive management framework (Walters 1986). Two approaches exist; passive and active adaptive 

management (Grantham et al. 2010). Both aim to learn about the system and improve management 

outcomes, but they do that in different ways. Passive adaptive management selects the management 

action that is considered as optimal at each stage, whereas active adaptive management makes a trade-

off and applies sub-optimal actions with the purpose of accelerating learning and obtaining better 

conservation outcomes over time. This can imply an initial deterioration of the system, with the aim of 

making better conservation decisions in the future. Studies that compared effectiveness of both adaptive 

management approaches argue that active adaptive management is only selected as optimal strategy 

over passive adaptive management, when little is known about the system (see Rout 2009). It is 

uncommon that the cost of implementing active adaptive management outweighs the benefit, since 

significant future returns are needed to offset the losses from experimentation to learn about the system 

(McCarthy & Possingham 2007; Moore & McCarthy 2009; Moore et al. 2017; Rout et al. 2017). 

However, when additional benefits are associated with learning about the system, i.e. benefits that were 

not explicitly stated in the optimisation, active adaptive management might be the optimal strategy 

(Rout 2009).  

ECOLOGICAL MODELS FOR CONSERVATION 

The benefit of management actions can be obtained from learning about the system through monitoring 

and from ecological models. Ecological models are statistical and/or mathematical representations of 

the system used to objectively describe its dynamics. A wide range of modelling methods have been 

used to assist in conservation, with species distribution modelling being commonly applied (Guisan et 

al. 2013; Guillera-Arroita et al. 2015; Tulloch et al. 2016; Villero et al. 2017).  

Ecological models can be parameterised by fitting them to monitoring data (Lovett et al. 2007). In 

general, the more monitoring data are available for model fitting, the more precisely the relationship 

between the response variable and predictor variables will be estimated, hence the better model 

performance. Model performance can be evaluated based on the degree to which it fits the data (i.e. 

goodness of fit) and based on its predictive capacity (i.e. predictive performance). The impact of data 

quantity and quality on model performance has been studied extensively (e.g. Hernandez et al. 2006; 
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Wisz et al. 2008; Moudry & Simova 2012) with different metrics evaluating different aspects of 

performance (Lawson et al. 2014). A wide range of statistical evaluation metrics are available, though, 

hitherto, there has been no consensus on which evaluation metric is best (e.g. Allouche, Tsoar & 

Kadmon 2006; Peterson, Papes & Soberon 2008; Somodi, Lepesi & Botta-Dukat 2017).  

TRADE-OFFS IN CONSERVATION  

Because of the scarcity of resources in conservation, trade-offs often have to be made within monitoring, 

but also between monitoring and management. One trade-off that exists within monitoring, is between 

the effort in monitoring at a particular site and the total number of sites that can be monitored (e.g. 

Guillera-Arroita, Ridout & Morgan 2010). For instance, spending a significant amount of monitoring 

effort at a particular site allows to more precisely calculate the probability of detecting the species of 

concern, and therefore get a more accurate estimate of the quantity of interest. Ignoring this detectability 

can heavily bias estimates of the occurrence probability of the species at that particular site (Lahoz-

Monfort, Guillera-Arroita & Wintle 2014).  

Another trade-off that exists within monitoring, is between surveying a system with substantial effort 

in two seasons, versus splitting that effort across more seasons. Surveying substantially in two seasons 

allows a larger spatial coverage, resulting in more precise estimates of the relationship between spatial 

variables and the quantity of interest. When the effort is split across more seasons, one increases the 

temporal component of monitoring, which allows to get a better understanding of what is driving the 

system over time.  

A key disadvantage of collecting monitoring data, is the extensive time that is spent on it in the field, 

which is time that could otherwise be spent on management (Lindenmayer, Piggott & Wintle 2013). 

While one is updating knowledge about the system under threat (i.e. monitoring) there will be ongoing 

deterioration of the system if management is delayed. Therefore, it is important to determine when 

sufficient knowledge is available in the face of ongoing declines (e.g. Grantham et al. 2009). If the 

knowledge obtained from monitoring does not trigger prompt management intervention, it can have 

disastrous outcomes, such as the extinction of the pipistrelle on Christmas Island (Martin et al. 2012). 

Systems of conservation concern would benefit from monitoring programs that expand spatial coverage 
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rather than extend the timeframe across which is monitored, as this would avoid catastrophic time 

delays.  

Often monitoring and management are competing for the same resources, which means there is a trade-

off between the two. So, it is important to determine the consequences of alternative spending between 

monitoring and management to identify the allocation that yields the best conservation outcome. 

Insufficient spending on monitoring would result in flawed knowledge about the system, which may 

lead to poor management. On the other hand, insufficient spending on management could directly 

reduce the conservation outcomes that it enables. For instance, there are trade-offs between monitoring 

and managing invasive species, such as between increasing the probability of detecting the species and 

enable timely starting of eradication actions; and when to stop searching and shift efforts to 

management. For example, Mbah and Gilligan (2010) examined this trade-off for an oak disease and 

concluded that intermediate levels of detection are optimal to trigger management. This trade-off has 

also been studied for an invasive hawkweed to determine the point at which improving detection rates 

no longer resulted in better conservation outcomes (Hauser & McCarthy 2009; Guillera-Arroita, Hauser 

& McCarthy 2014). Chades et al. (2011) present some rules of thumb for species that are difficult to 

detect, how long should one invest in surveying and when should efforts be switched to management.  

A framework that examines this trade-off between collecting more monitoring data and conservation 

gain from spending money directly on management, is value of information analysis (Morris 2017). 

Two approaches exist; a formal and informal one, with each of them having particular advantages and 

challenges. The main difference between the two is that a formal value of information analysis is a 

prospective analysis, framed in a formal decision context, which clearly states an objective function and 

calculates the value of more information as an expected value (e.g. Runge, Converse & Lyons 2011; 

Maxwell et al. 2015). An informal analysis retrospectively examines the value of new data frequently 

outside of a formal decision context (i.e. without explicitly stating an objective function), by calculating 

the increase in conservation performance, when datasets of different sizes are used for predictions (e.g. 

Grantham et al. 2009; Stoms, Kreitler & Davis 2011; Mazor et al. 2016). Both of these value of 

information frameworks can be used to support improved conservation outcomes.  
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OPTIMISATION FOR CONSERVATION    

Optimisation is an outcome-oriented tool that can be used to quantitatively solve formally defined 

problems of limited resources (Fischer et al. 2009). Solving an optimisation problem in conservation 

management demands a well stated objective function, which incorporates the costs, benefits and 

constraints characterising alternative management actions. Optimisation algorithms solve these 

problems by maximising a conservation benefit for a given cost or minimising the conservation cost for 

a specific conservation target. For instance, in systematic conservation planning, one can aim to 

maximise the number of species conserved for a given cost by deciding which areas to protect (Margules 

& Pressey 2000).    

One such algorithm for optimisation is the knapsack algorithm, which solves the knapsack problem 

(Kellerer, Pferschy & Pisinger 2004). The knapsack algorithm selects an (optimal or near-optimal) set 

of items, each associated with a cost and a reward, by maximising the reward, while not exceeding a 

fixed budget. The analogy of the problem is to one who is filling a bag (or knapsack) with items of 

varying size and value to maximise the total value contained in the bag. The most common knapsack 

problem is the binary knapsack problem, which allows a maximum of one copy of each item to be 

included (as opposed to the bounded knapsack problems, which allows multiple copies with an upper 

bound, and the unbounded knapsack problem, which allows multiple copies without an upper bound to 

be included). The knapsack algorithm has mainly been used in conservation to prioritise among 

conservation projects (Hajkowicz et al. 2008; Marinoni et al. 2009; Messer et al. 2016).       

In order to use optimisation algorithms effectively, accurate estimates of cost are required. In 

conservation, the objective function applies to deciding among a set of management actions, so the 

more accurate the cost estimates associated with this set of management actions are, the more accurately 

the analysis can identify the optimum, and so the better the conservation outcome is expected to be 

(Bode et al. 2008; Armsworth 2014). This is because the most cost-effective actions will be selected by 

the optimisation algorithm. Consistency in cost units (whether it is units of time, money or effort) is 

recommended, as this allows cross-study comparisons (Cook et al. 2017). 
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OUTLINE AND AIMS OF THE THESIS 

In this thesis, I examine a range of trade-offs encountered in conservation, using two motivating case 

studies. I evaluate the effect that the structure and quantity of monitoring data has on the estimates of 

persistence for an endangered metapopulation, to determine whether expenditure of spatial monitoring 

can replace temporal expansion and so avoid delays in conservation action. In a case where management 

is undertaken to offset habitat losses due to urbanisation, I investigate the impact of alternative resource 

allocation between learning and management on confidence levels of sufficient offsetting for the same 

endangered metapopulation. Furthermore, I optimise the surveillance of an invasive species and 

evaluate the impact of data on the effectiveness of managing it. The first two chapters illustrate the 

methods with the case of the endangered growling grass frog (Litoria raniformis) metapopulation 

around Melbourne, Australia. The last two chapters use the highly invasive super-colony forming 

yellow crazy ants (Anoplolepis gracilipes) on the Australian Territory of Christmas Island. In Chapter 

2 I quantify the extent to which spatial monitoring can replace temporal monitoring in metapopulation 

studies, to gain invaluable time in a conservation context, while the model is being updated with more 

data. In Chapter 3 I examine the trade-off between monitoring and management of the metapopulation 

by focusing on how alternative resource allocations affect the confidence about offsetting sufficiency 

when the metapopulation deteriorated from urbanisation. In Chapter 4 I optimise surveillance of the 

invasive super-colonies using the knapsack optimisation algorithm and compare effectiveness of this 

method for finding super-colonies with alternative survey strategies. In Chapter 5 I evaluate the effect 

of the quantity of monitoring data on the effectiveness of the knapsack surveillance method, introduced 

in previous the Chapter. I determine the amount of data resulting in what is referred to as predictive 

sufficiency, i.e. the amount of data that levels off the number of super-colonies found for a constrained 

budget. Finally, in Chapter 6 I discuss some general conclusions about the work presented in this thesis. 

Effective management actions help to conserve threatened species and ecosystems. My work provides 

insight into how alternative resource spending among different conservation tools impacts the 

effectiveness of management decisions. Ultimately, this thesis therefore contributes to the conservation 

of Australian biodiversity and threatened species across the world.   
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CAN SPACE SUBSTITUTE TIME IN METAPOPULATION SURVEYS?

Abstract 

Statistical models can assist in the conservation of endangered species. They can predict the dynamics 

of endangered populations under different management scenarios or business as usual. To parameterise 

these models, data are required, which can be obtained by monitoring in space as well as in time. A 

major disadvantage of monitoring in time in the context of conservation is that it can delay important 

management actions, perhaps contributing to the extinction of an endangered population. This problem 

can be addressed by replacing temporal monitoring with spatial monitoring, if data collected via both 

methods contain the same information. In this study, I investigate how accurate spatial monitoring is in 

predicting metapopulation persistence, when replacing temporal sampling, based on five hypothetical 

metapopulation dynamics scenarios. The different monitoring regimes are based on a trade-off between 

monitoring in space (sites) and time (years), so that the total survey effort remains equal across all of 

them. The study shows that space-time substitutability depends strongly on the factors driving 

metapopulation dynamics. Where probabilities of extinction and colonisation of the distinct patches are 

constant, space and time are entirely substitutable. This is because estimation uncertainty is a function 

of the number of site occupancy state transitions observed, regardless of whether those transitions 

accumulate through sampling extensively in space, or through sampling fewer sites but for a longer 

time. Metapopulation persistence estimates may therefore be equally accurate, irrespective of how 

survey effort is allocated in space or time. In contrast, where extinction and colonisation probabilities 

depend on site characteristics or time-dependent factors, it is important to sample sufficiently across the 

range of values that those variables may take. Once the ranges of relevant predictors are well sampled, 

however, estimation uncertainty is again driven by the number of site occupancy state transitions 

observed, allowing for space for time substitution. These findings are particularly important in the 

context of conservation, where prompt management decisions are often required to avoid extinction of 

endangered species. 
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Introduction 

Time is a critical constrain in conservation. If important management decisions are delayed, endangered 

species might go extinct (Black, Groombridge & Jones 2011; Martin et al. 2012). Ecological models 

are used in conservation to predict population persistence or extinction risk of endangered species under 

alternative management scenarios, including business as usual or do nothing scenarios (Drechsler et al. 

2003; Drechsler & Burgman 2004; Burgman, Lindenmayer & Elith 2005; Gregory & Long 2009; Bode 

& Brennan 2011; Heard et al. 2013). These predictions help identify the best actions to maximise the 

chance of population persistence.  

One can parameterise ecological models in several ways. Data can be obtained from expert opinion, the 

literature or existing data sets (Johnson & Gillingham 2004; Forbis et al. 2006; Bode & Brennan 2011; 

Czembor et al. 2011). Often, however, information is limited and parameter estimation requires field 

surveys. Such surveys must consider how to divide monitoring effort across space and time. Collecting 

data over time might delay important management decisions. If data collected over space provides the 

same information as data collected over time (and it can therefore replace temporal data), valuable time, 

and potentially extinction of the species can be avoided.  

Stochastic patch occupancy models (SPOMs) are used to characterise metapopulation dynamics, and 

hence inform their conservation. SPOMs model metapopulation dynamics stochastically, as driven by 

the probabilities of colonisation and extinction of the distinct patches (Sjogren-Gulve & Hanski 2000; 

Hanski & Ovaskainen 2003; MacKenzie et al. 2003). Depending on the system, these probabilities may 

be well represented by constant values, but often they will vary over space and time. In that case, the 

probabilities can be estimated as function of patch characteristics or as time-dependent quantities.  

Given knowledge about extinction and colonisation probabilities, one can predict metapopulation 

persistence, and how the metapopulation will behave under alternative management actions. 

Uncertainty pervades predictions about metapopulation persistence, not only due to the stochastic 

nature of the system, but also due to imperfect knowledge about the metapopulation dynamics, due to 

finite data and imperfect detection. Fitting SPOMs following Bayesian approaches allows uncertainty 

in the estimated probabilities of colonisation and local extinction to be easily propagated through to the 
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predictions of metapopulation persistence (Heard et al. 2013). This component of uncertainty is reduced 

by increasing the amount of data used for model fitting. Models that account for species detectability 

can be analysed if there are multiple surveys at a site within a season (MacKenzie et al. 2002; 

MacKenzie et al. 2003), which can avoid, or at least limit, bias due to imperfect detection.  

Survey design is an important stage for any study involving sampling. Yet, to my knowledge, very little 

research has addressed survey design recommendations in the context of dynamic occupancy models. 

McKann, Gray and Thogmartin (2013) evaluated the performance of these models under small sample 

sizes, but do not formally address the value of alternative strategies for survey effort allocation. Indeed, 

most research on optimal survey design for occupancy studies has focused on static occupancy models 

(i.e. models that estimate pattern rather than dynamics) that account for imperfect detection. The main 

aim of this body of work has been to evaluate the trade-off between number of sampling sites and the 

amount of survey effort applied per site (MacKenzie & Royle 2005; Bailey et al. 2007; Guillera-Arroita, 

Ridout & Morgan 2010). In addition to examining the impact of detectability, Bailey et al. (2007) also 

investigated the effect of different spatial survey allocations on the accuracy of colonisation and 

extinction parameters. They showed that when colonisation and extinction probabilities were constant 

over time, surveying an equal number of sites across years resulted in equally accurate estimates as 

when the number of survey sites varied across years (i.e. a rotating survey design). However, when 

temporal variables were driving the dynamics of the system, surveying a constant number of sites across 

years resulted in more accurate estimates than surveying following the rotating design.  

The aim of my study is to evaluate another important aspect of survey design: to which extent can 

spatial and temporal monitoring be interchanged in metapopulation studies. I use simulations to assess 

how different monitoring regimes (alternative ways of splitting a given sampling effort over time and 

space) perform under different metapopulation dynamics scenarios in terms of accuracy in the 

prediction of metapopulation persistence. I use the endangered growling grass frog Litoria raniformis 

metapopulation in Melbourne, as a motivating case study for the simulations. To my knowledge this is 

the first study examining this trade-off between temporal and spatial monitoring for dynamic occupancy 

models. This is an important question relevant for conservation, where budgets are largely constrained 

and decisions often need to be made promptly. If monitoring more sites can substitute for monitoring 
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over longer time periods, valuable time can be saved and extinction of endangered species might be 

avoided.  

Methods 

OVERVIEW  

I simulated five hypothetical scenarios of metapopulation dynamics (Fig. 2.1), which I constructed 

based on parameter estimates for a metapopulation of the growling grass frog around Melbourne, 

Australia (Heard et al. 2013). Heard et al. (2013) modelled metapopulation dynamics using a dynamic 

occupancy model with site characteristics (effective wetland area and aquatic vegetation cover) and 

connectivity between sites affecting extinction and colonisation probabilities. In our study, factors 

affecting the probabilities of local extinction and colonisation differed among scenarios (explained in 

detail later). Twenty metapopulation realisations were simulated for each of the five metapopulation 

dynamics scenarios. The collection of field data was simulated following 6 different monitoring regimes 

applied to each of these twenty simulated metapopulations, resulting in 120 detection datasets per 

metapopulation dynamics scenario. I assumed that all sites were visited twice a year and that the 

probability of detecting the species when it was present was 0.5. Metapopulation dynamics were 

monitored based on differing allocations of a given budget (AUD 1,000,000) between a number of sites 

and a number of years. The same models that were used to simulate the five metapopulation dynamics 

scenarios were used to fit the corresponding detection datasets. Bayesian data analyses yielded posterior 

distributions for each of the model parameters, characterising uncertainty in the estimates. These 

posteriors were then used to predict the persistence of a small metapopulation inhabiting 30 wetlands 

across 100 years. Persistence predictions were also obtained using the true parameter values (i.e. those 

used to simulate metapopulation dynamics) and the accuracy of each monitoring regime in predicting 

metapopulation persistence was evaluated.  
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Figure 2.1. Workflow starting from simulating five different metapopulation dynamics scenarios to 

evaluating accuracy of metapopulation persistence obtained from 6 different monitoring regimes. Six 

thousand sets of parameter estimates (MCMC samples) were derived for each combination of 

monitoring regime and metapopulation dynamics scenario (models), iterated 20 times, and used to 

predict metapopulation persistence.  

 

STOCHASTIC PATCH OCCUPANCY MODEL (SPOM)  

Stochastic patch occupancy models, also known as dynamic occupancy models, are used to characterise 

the dynamics of a metapopulation across multiple seasons (Sjogren-Gulve & Hanski 2000; MacKenzie 

et al. 2003). These models assume that the occupancy status of sites remains constant within a season 

but varies among seasons. Occupancy dynamics are described by a two-state first-order Markov chain, 

where states represent the presence-absence of the species at a site. State transitions are driven by 

probabilities of colonisation (γ) and local extinction (ε) and only depend on the occupancy status of the 

site at the previous time step (Kéry et al. 2013). Occupancy turnover is modelled as:  
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 !",$%& = 	)",$*1 − -",$. + *1 − )",$.	0",$ (2.1) 

 

where Ψi,t+1 is the probability that the species is present at site i at time t+1, Zi,t is the occupancy status 

of site i at time t (1: occupied, 0: not occupied), εi,t is the probability that site i becomes empty at time 

t+1 if it was occupied at time t (local extinction), and γi,t the probability that site i becomes occupied at 

time t+1 if it was empty at time t (colonisation). The probabilities of local extinction ε and colonisation 

γ can be defined as a function of covariates via the logit link function (Sjogren-Gulve & Ray 1996): 

 logit*-",$. = 67		 + 	87&9&,",$ + 87:9:,",$ + ⋯+ 87<9<,",$ (2.2) 

 logit*0",$. = 6=		 + 	8=&>&,",$ + 8=:>:,",$ + ⋯+ 87?>?,",$ (2.3) 

 

where αε and αγ are the intercepts, X1,i,t, X2,i,t, XN,i,t and Y1,i,t, Y2,i,t, YM,i,t are the values of the covariates at 

each site i at time t, and βε1, βε2, βεN and βγ1, βγ2, βγN the corresponding regression coefficients. The 

balance between local extinction and colonisation of vacant patches drives the metapopulation 

dynamics (Sjogren-Gulve & Hanski 2000). An extension of this model can account for imperfect 

detection to avoid the biases that it can induce on the estimated probabilities of colonisation and local 

extinction (MacKenzie et al. 2003; Guillera-Arroita 2017). This method requires data that is informative 

about detectability, obtained for instance, by conducting multiple surveys per season. Acknowledging 

that detection can be imperfect turns the above model into a ‘Hidden Markov model’, where the 

occupied state is imperfectly observed. A Bayesian formulation of this model was presented by Royle 

and Kéry (2007). 

SIMULATED METAPOPULATION DYNAMICS 

I considered five different metapopulation dynamics scenarios (hereafter referred to as M…, Ms.., Msc., 

Msct, M..t), simulated across 500 sites and 500 years. Monitoring over such a long timeframe is unrealistic 

but was added to ensure the same overall survey effort across all regimes when the number of sites 

being monitored was low. The metapopulation dynamics scenarios differed in terms of the factors that 
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affected the probabilities of local extinction and colonisation, as described next. See Table S.2.1 for the 

parameter values used to simulate metapopulation dynamics.  

M… – Probabilities of extinction and colonisation were set constant. Under these conditions, the 

dynamics of a metapopulation eventually reached equilibrium with the probability of site occupancy, 

conditional on metapopulation persistence, equalling  0	(0	 + 	-)B& . 

Ms.. – Metapopulation dynamics depended on spatial (site-specific) variables. The probability of 

extinction varied with effective wetland area and aquatic vegetation cover; probability of colonisation 

varied with effective wetland area. These predictors are similar to the ones used by Heard et al. (2013) 

to model metapopulation dynamics, but in this case I did not consider connectivity between sites as a 

driving factor of colonisation and extinction in this scenario.  

Msc. – Metapopulation dynamics depended on connectivity. Same structure as Ms.., but connectivity was 

added as a factor driving extinction. Colonisation depended on connectivity alone. Connectivity was 

calculated as in (Heard et al. 2013). Sites were more likely to become colonised and less likely to 

become empty where neighbouring sites were occupied. Sites within 1000 m of each other were 

considered neighbours.  

Msct – Metapopulation dynamics depended on spatial and temporal variables. Same structure as Msc. but 

included also the effect of a temporally changing variable (rainfall) on both extinction and colonisation. 

I simulated rainfall values by drawing from a uniform distribution between 200 and 600 mm per year, 

based on annual rainfall values for Melbourne the past fifty years (www.bom.gov.au/climate/data/).  

M..t – Metapopulation dynamics depended on temporal variables only. The probability of extinction and 

colonisation varied only with rainfall, which had a negative effect on the former and a positive effect 

on the latter. Yearly rainfall values were simulated as in Msct  

MONITORING REGIMES 

I simulated six different monitoring regimes for each metapopulation dynamics scenario. Since I aimed 

to explore potential trade-offs between monitoring more sites and monitoring more years, all monitoring 

regimes involved the same total number of surveys (i.e. survey effort was the same, only its allocation 
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was different). The six monitoring regimes were: (1) 5 sites monitored for 500 years; (2) 25 sites 

monitored for 100 years; (3) 50 sites for 50 years; (4) 100 sites for 25 years; (5) 125 sites for 20 years 

and (6) 500 sites for 5 years. The first monitoring regime consisted of 5 aggregated sites, the second 

one consisted of 25 sites in total, meaning that 20 sites were added within reachable distance (within 

1000 m) of the first 5 sites and so on (see Fig. S.2.2 for the spatial arrangement of monitored sites). 

Each site was monitored twice per year to account for imperfect detection. I replicated the simulation 

of each metapopulation dynamics scenario 20 times and tested each of the monitoring regimes on all 

20 simulated metapopulations to characterise potential variation in the monitoring outcomes and 

associated predictions.  

PARAMETER ESTIMATION 

Simulated detection datasets were analysed with models that matched the correct data generating 

structure. Bayesian model fitting was conducted using Markov Chain Monte Carlo (MCMC) sampling 

in JAGS v. 3.4.0 , called from R v. 3.2.4 (R core team 2016) using the add-in package R2Jags (Yu-Sung 

& Masanao 2015). To ensure priors did not inform estimation of any of the parameters, predictors were 

centred and standardised and the standard deviation was set to 1,000 (N[0; 1000]). I ran three Markov 

chains with overdispersed initial values and evaluated Rhat statistics to check convergence (i.e. Rhat < 

1.1) (Gelman & Rubin 1992). I extracted the last 6,000 samples (out of 200,000 iterations including 

burn-in) of parameters αε, αγ, βε1… βεN and βγ1… βγM for further analyses.  

PREDICTIONS OF PERSISTENCE OF A SMALL METAPOPULATION ACROSS 100 YEARS  

The joint posterior distribution of parameter values obtained for each detection dataset was used to 

predict persistence over 100 years of a metapopulation inhabiting 30 wetlands (Fig. 2.1). 

Metapopulation persistence was calculated via simulation (hereafter referred to as ‘projections’ to avoid 

confusion with the simulations used for data generation). The projections were initialised with all 30 

wetlands occupied. Metapopulation dynamics over 100 years were projected 500 times for each 

combination of monitoring regime and metapopulation dynamics scenario – for a total of 6,000 different 

sets of parameter estimates (MCMC samples). Thus, the projections involved, for each monitoring 

regime, simulating metapopulation dynamics over 300 million time steps, a total computational effort 
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that limited further replication and exploration of the parameter space. The status of each site was 

recorded at each time step of these projections. For each set of the 6,000 parameter estimates, I 

calculated metapopulation persistence as the mean minimum number of occupied wetlands (minocc). 

The mean minimum number of occupied wetlands was calculated by recording in each of the 500 

projections the smallest number of occupied wetlands across the 100 years, and then obtaining the 

average over these 500 projections (Heard et al. 2013). The uncertainty around the regression parameter 

estimates propagated through to characterise the uncertainty around minocc. To evaluate the accuracy 

of predicting metapopulation persistence for the different monitoring regimes, I also ran the projections 

with the true parameter values. This resulted in one “true” value of mean minimum number of occupied 

wetlands per metapopulation dynamics scenario (true minocc).  

Results 

This simulation study suggests that time and space are interchangeable as soon as a minimum number 

of sites and years are monitored. Depending on the driving factors of metapopulation dynamics, the 

accuracy (which is the level of bias and precision) of estimates of metapopulation persistence can be 

similar across monitoring regimes that represent different allocations of survey effort. The amount of 

temporal/spatial replication required before space can substitute time though, is large, which is worrying 

in a conservation context.  

As expected, when the parameters driving metapopulation dynamics were constant (M…), time and 

space were completely interchangeable. The same accuracy in estimates of metapopulation persistence 

(minocc) was obtained across all monitoring regimes (Fig. 2.2 (a)). Parameter estimates of the 

underlying metapopulation model (Fig. 2.3.1 (a) and 2.3.2 (a)) were equally accurate across all 

monitoring regimes.  

When the dynamics varied with site specific characteristics (i.e. spatial covariates) (Ms..), accuracy of 

the metapopulation persistence estimates improved as the number of sites being monitored increased 

(Fig 2.2 (b) i-vi). Monitoring the smallest number of sites considered in this study (5 sites) for a large 

number of years (500 years) resulted in highly biased estimates of metapopulation persistence (Fig 2.2 

(b) i). However, monitoring many sites (500 sites, which is the highest number of sites considered in 
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this study) for only 5 years resulted in highly uncertain metapopulation persistence estimates (Fig 2.2 

(b) vi). The inaccurate estimates obtained from monitoring only few sites are not surprising, since 5 

sites will tend to characterise poorly the spatial variability among sites in our simulated system. Yet, 

the imprecise estimates obtained from monitoring many sites for a few years are counterintuitive, as in 

this case, spatial variables are driving metapopulation dynamics. Precision of the parameter estimates 

of the underlying metapopulation model explain this pattern. More specifically, accuracy of the 

extinction parameter estimates increased when more sites were monitored, but once 500 sites were 

sampled (for 5 years), the uncertainty increased substantially (Fig. 2.3.1 (b) vi and 2.3.2 (b) vi), 

explaining the pattern seen in the metapopulation persistence estimates. There was little improvement 

in accuracy as the number of sites increased beyond 50, suggesting that 50 sites were sufficient to 

characterise the range of spatial variability. Provided this high number of sampled sites and years is 

achieved, time and space are interchangeable.  

When connectivity between sites was added as a driving variable of metapopulation dynamics (Msc.), 

accuracy of the metapopulation persistence estimates was very uncertain across all monitoring regimes 

(Fig. 2.2 (c)). Monitoring fewest sites (5 sites for 500 years and 25 sites for 100 years) resulted in biased 

and imprecise metapopulation persistence estimates. Accuracy of estimates increased when more sites 

were monitored, with highest precision achieved when 100 sites were monitored for 25 years (an 

intermediate monitoring regime). When more sites were monitored (for fewer years), uncertainty 

increased again, which may be caused by the fact that connectivity was calculated based on occupancy 

of neighbouring sites in the previous timestep. The pattern seen in metapopulation persistence estimates 

was consistent with the previous scenario (although the uncertainty is much higher when connectivity 

is included), where metapopulation dynamics were exclusively driven by spatial variables (Ms..). A 

similar pattern was observed in terms of space-time substitutability, in that the extreme monitoring 

regimes (many sites for few years or few sites for many years) resulted in estimates with the lowest 

accuracy. Accuracy in this case increased towards monitoring regimes with a more moderate number 

of sites and years. Thus, also in this case it is important to monitor a minimum number of years and 

sites. This pattern was reflected in the parameter estimates (Fig. 2.3.1 (c) and 2.3.2 (c)) (and in particular 

the parameters associated with extinction), with monitoring the lowest numer of years and sites resulting 
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in most uncertain estimates. This, again, suggests space and time are substitutable as long as a minimum 

number of sites and years is monitored. 

It was expected that in the scenario with metapopulation dynamics being a function of both spatial and 

temporal covariates (Msct), a minimum number of sites and years would be required to capture both the 

spatial and temporal variability. I thus expected that the monitoring regimes with fewest sites and fewest 

years would result in the least accurate estimates. Indeed, a very similar pattern was observed as for the 

scenario with metapopulation dynamics being a function of spatial variables and connectivity (Msc.); the 

regime that monitored the lowest number of sites for many years (5 sites for 500 years) resulted in 

highly biased estimates, monitoring slightly more sites (25) for a shorter period of time (100 years), 

resulted in highly imprecise estimates, and monitoring many sites (500) for only few years (5 years) 

resulted in imprecise estimates. As for Msc., metapopulation persistence estimates are very uncertain 

(Fig. 2.2 (d)). Again, this indicates that such survey allocations did not capture spatial and/or temporal 

variability in the simulated system well. This, again, suggests that a minimum number of years and sites 

should be monitored to reliably estimate the relationship between the driving variables and 

extinction/colonisation. Parameter estimates of the underlying metapopulation model associated with 

both probabilities of extinction and colonisation were imprecise for the regime that monitored fewest 

sites (but many years) and fewest years (but many sites) (Fig. 2.3.1 and 2.3.2).  

When metapopulation dynamics only varied with temporal covariates (M..t), it was expected to observe 

highly accurate estimates for the monitoring regime covering many years, which indeed was the case. 

When 5 years of data were used to fit the model, only a small number of simulations resulted in 

convergence of the model, resulting in very uncertain metapopulation persistence estimates (Fig. 2.2 

(e)).  This, again, was reflected in inaccurate parameter estimates associated with both extinction and 

colonisation probabilities (Fig. 2.3.1 (e) and 2.3.2 (e)). This indicates that 5 years is insufficient to 

reliably estimate relationships between the temporal variable (rainfall) and probabilities of colonisation 

and extinction well. Monitoring longer than 5 years resulted in metapopulation persistence estimates 

that were equally certain across all monitoring regimes. This suggests that, provided that a minimum 

number of years is monitored, time and space are interchangeable, even when only monitoring across 

5 sites. 
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Overall, these results suggest that space and time can be interchangeable, but that a considerably high 

level of spatial and temporal replication is needed, depending on the complexities of the spatio-temporal 

processes driving metapopulation dynamics.  
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Figure 2.2. Violin plots (Hintze & Nelson 1998) showing median values (white dots) and uncertainty 

(first and third quartile (bold error bars) and 1.5 interquartile range (light error bars) of the posterior 

distribution of the 20 simulations of a metric of metapopulation persistence (mean minimum number of 

occupied wetlands, minocc) for five different metapopulation dynamics scenarios (a-e) and six 

monitoring regimes (shown on the X-axis; (i) 5 sites for 500 years; (ii) 25 sites for 100 years; (iii) 50 

sites for 50 years; (iv) 100 sites for 25 years; (v) 125 sites for 20 years; (vi) 500 sites for 5 years). The 

different metapopulation dynamics scenarios are (a) metapopulation dynamics with colonisation and 

extinction set constant, (b) metapopulation dynamics depending on spatial variables only, (c) 

metapopulation dynamics depending on spatial variables and connectivity, (d) metapopulation 

dynamics depending on spatial and temporal variables and connectivity, (e) metapopulation dynamics 

depending on temporal variables only. The Y-axis of (c) and (d) has a wider range than the Y-axis of 

(a), (b) and (e).
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Figure 2.3.1. Violin plots (Hintze & Nelson 1998) showing median values (white dots) and uncertainty (first and third quartile represented by the bold error 
bars and 1.5 interquartile range represented by the light error bars) of the estimated extinction parameter values for five different metapopulation dynamics 
scenarios (a-e) and six monitoring regimes (shown on the X-axis; (i) 5 sites for 500 years; (ii) 25 sites for 100 years; (iii) 50 sites for 50 years; (iv) 100 sites for 
25 years; (v) 125 sites for 20 years; (vi) 500 sites for 5 years). The different metapopulation dynamics scenarios are (a) metapopulation dynamics with 
colonisation and extinction set constant, (b) metapopulation dynamics depending on spatial variables only, (c) metapopulation dynamics depending on spatial 
variables and connectivity, (d) metapopulation dynamics depending on spatial and temporal variables and connectivity, (e) metapopulation dynamics depending 
on temporal variables only.  
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Figure 2.3.2. Violin plots (Hintze & Nelson 1998) showing median values (white dots) and uncertainty (first and third quartile represented by the bold error 
bars and 1.5 interquartile range represented by the light error bars) of the estimated colonisation parameter values for five different metapopulation dynamics 
scenarios (a-e) and six monitoring regimes (shown on the X-axis; (i) 5 sites for 500 years; (ii) 25 sites for 100 years; (iii) 50 sites for 50 years; (iv) 100 sites for 
25 years; (v) 125 sites for 20 years; (vi) 500 sites for 5 years). The different metapopulation dynamics scenarios are (a) metapopulation dynamics with 
colonisation and extinction set constant, (b) metapopulation dynamics depending on spatial variables only, (c) metapopulation dynamics depending on spatial 
variables and connectivity, (d) metapopulation dynamics depending on spatial and temporal variables and connectivity, (e) metapopulation dynamics depending 
on temporal variables only.



CHAPTER 2                                              CAN SPACE SUBSTITUTE TIME IN METAPOPULATION SURVEYS? 
 
 

31 
 

Discussion   

In this study, I showed that pragmatic sampling in space can substitute for sampling in time in 

metapopulation studies under certain circumstances. There are constraints to the degree to which 

different survey allocations can replace each other. Replacing temporal monitoring with spatial 

monitoring is convenient, as, instead of waiting to obtain predictions of metapopulation persistence of 

a given quality, researchers may get them faster by surveying more sites with the same total survey 

effort. Obtaining parameter estimates more rapidly would be particularly useful when management 

decisions are required quickly, which might be common for endangered species (Martin et al. 2012; 

Lindenmayer, Piggott & Wintle 2013).  

When parameter estimates vary with the prevailing conditions, replacing temporal replication with 

spatial replication (and vice versa) is only possible up to a point. A sufficient number of surveys are 

required across sites or in different years (i.e. under different conditions) to characterise how the 

probabilities of extinction and colonisation vary with the environmental conditions (in our simulations, 

wetland characteristics or rainfall). Once a sufficient number of sites or years is surveyed, temporal and 

spatial replication become again largely interchangeable. This is expected given that estimating the 

relationship between variables will typically require sufficient replication across the explanatory 

variable.  

Basic statistical theory about linear regression can provide insight into the space-time substitutability 

result. The standard error of the regression coefficients in univariate linear regression is inversely related 

to the spread of values in the independent variable (x) and the sample size (n) as follows ("# =
%&

%'()[+,((-)∗(012)]) (Quinn & Keough 2005), where sd refers to the error variance in the regression 

equation. One can expect logistic regression to have similar properties, in terms of scaling of the 

standard error with the number of data points and the spread of predictor values captured in the 

sampling. The latter implies that, when metapopulation dynamics are driven by spatial (or temporal) 

variation in the system, it is important to sample sufficiently across the entire range of the spatial (or 

temporal) predictors to capture the actual variability in the system well. Therefore, a minimum number 

of sites (or years) needs to be sampled to be able to estimate the regression coefficients accurately. 
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Provided the sampling is such that the spread of predictor values is well captured, uncertainty can be 

further reduced by recording more occurrence transition events (the “data points” in the metapopulation 

models), regardless of whether those transitions are observed at few sites across many years or at many 

sites over few years. Provided varying conditions are sufficiently sampled, spatial and temporal 

sampling become largely interchangeable. 

An essential factor contributing to this space-time substitutability, is the fact that the simulated data 

were generated with the same model structure as the one used for parameter estimation. Temporal and 

spatial replication might not substitute so readily if data generation and the fitted model do not match 

exactly. In this analysis, I did not include noise in the model and therefore the model was able to predict 

the relationship between extinction/colonisation probabilities and their covariates with fewer data points 

(i.e. sites and/or years) then when noise would be included. To test the effect of using ‘clean’ data in 

the observed results, I conducted a small complimentary analysis for metapopulation dynamics 

depending on one site-specific variable, with and without error term, using the R-package unmarked 

(Fiske & Chandler 2011), which fits these models using maximum likelihood. Results confirmed my 

expectations, with few sites being sufficient to provide precise estimates when no error term was used, 

while precision of estimates increased with the number of sites monitored when the data were noisy 

(see Fig. S.2.3). In addition, in case of non-linear relationships, more monitoring is required to reliably 

estimate how covariates are driving occupancy than when relationships are linear (Quinn & Keough 

2005). Therefore, more sites may need to be monitored in practice, given the realities of field data.  

Simulating the data with the same model structure as the one used for parameter estimation also meant 

that spatial autocorrelation was not an issue. However, in reality, spatial autocorrelation would affect 

the data when sites situated close to each other would be sampled. In such case, sampling a larger 

number of closely situated sites would not reduce uncertainty in the parameter estimates as much as 

sampling sites situated further from each another. Hence, in reality, the benefit of adding sites closely 

situated to each other is smaller than the benefit from adding closely situated sites in our simulated 

environment. 
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The counterintuitive, highly uncertain relationship between extinction probability and wetland area 

when wetland characteristics were driving metapopulation dynamics could originate from different 

sources. However, I tested for issues such as collinearity, perfect separation and model identifiability, 

but none of these were the case. This suggests that the slightly lower number of extinction events in the 

first five years relative to the total number of extinctions captured by the survey allocations that 

monitored for longer resulted in insufficient turnovers to reliably estimate this relationship. An 

additional analysis, which followed metapopulation dynamics for 10 years across 250 sites revealed an 

equally uncertain relationship between extinction probability and wetland area as the dynamics were 

monitored for longer, also suggesting that the lower number of extinctions in the first few years caused 

the uncertain relationship.  

Adding connectivity as driving factor of metapopulation dynamics substantially increased the 

uncertainty in the estimated regression coefficients. This highly uncertain relationship between 

connectivity and probabilities of colonisation/extinction is mainly prevalent for the ‘extreme’ 

monitoring regimes (i.e. the regimes with only few years or sites). The relationship between 

colonisation and connectivity is uncertain at high values of connectivity, due to highly connected 

wetlands rarely going extinct (and therefore rarely being recolonised), not allowing reliable estimation 

of this association. This was also observed by Bled et al. (2011) and Bled et al. (2013).  The connectivity 

and extinction relationship is uncertain at low values of connectivity, because poorly connected 

wetlands can easily go extinct without being recolonised. This results in large numbers of empty 

wetlands and few opportunities to help estimate the relationship between connectivity and extinction. 

When more sites and years are monitored, estimates become more reliable and the relationship more 

certain (yet, still relatively uncertain compared to estimates in the scenarios without connectivity). 

Similarly, McKann, Gray and Thogmartin (2013) show that low occupancy rates result in inaccurate 

extinction estimates, whereas high occupancy rates result in uncertain colonisation estimates.  

Heard et al. (2013) observe the same pattern in his system of 167 wetlands that are monitored for 6 

years, with the relationship between connectivity and colonisation being uncertain at high values of 

connectivity and between connectivity and extinction being uncertain at low values of connectivity. The 

metapopulation persistence estimates in my study, however, are much more uncertain than theirs, across 
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all considered monitoring regimes. Even monitoring 500 sites for 5 years (i.e. the monitoring regime 

that is most similar to theirs among all considered monitoring regimes, but with still a substantially 

higher number of sites) resulted in less certain estimation of the connectivity parameter. This difference 

in certainty of connectivity parameter estimation could be explained by two factors. First, the spatial 

arrangement of the sites differs between our system and theirs, with our sites being more connected 

than the 167 sites in the study of Heard et al. (2013). This results in a substantially more uncertain 

relationship between connectivity and colonisation in my case (see Fig. S.2.2 for spatial arrangement 

of monitored sites of both studies). Second, to ensure the prior distribution of parameter estimates did 

not impact the results, we set the standard deviation to 1000, which is two orders of magnitude larger 

than in the more informative priors used by Heard et al. (2013).  

In this study, the monitoring design is static, indicating that it does not re-consider key uncertainties at 

different time-steps. Hence, it does not re-evaluate where to collect data in the following time-step, so 

that the process model would be optimally updated. It is expected that such optimal monitoring design 

would result in a faster decrease in uncertainty (i.e. a smaller uncertainty would be associated with 

parameter estimates when monitoring the same number of years or sites than current study). This would 

result in spatial monitoring being able to substitute temporal monitoring faster (Williams et al. 2018). 

Imperfect detection impacts estimation of parameters so that lower probability of detecting the species 

results in more uncertain parameter estimates. However, as the probability of detection is constant (i.e. 

independent from spatio-temporal factors), and I accounted for this in the model, detectability affects 

spatial and temporal monitoring equally. Thus, detectability does not impact our conclusion about 

space-time substitutability. If, however, detectability would be driven by particular characteristics of 

the environment (i.e. spatial or temporal factors), repeat visits would be required over space or time, 

depending on the driving factors. In such case, imperfect detection would affect the outcome of space-

time substitutability, with more temporally or spatially repeated visits required when detectability is 

driven by temporal or spatial variables respectively (Lahoz-Monfort et al. 2014). 

The requirement to monitor for longer than a minimum number of years (more than 5 years in all 

considered cases, and even longer when connectivity is included) to obtain relatively accurate 
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predictions of metapopulation persistence is concerning given that conservation decisions often must 

be made prior to collecting data over such a time frame. Therefore, conservation decisions are often 

made under considerable uncertainty. However, it is crucial to determine to what extent management 

decisions are sensitive to this uncertainty to avoid excessive spending on additional monitoring. 
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Supplementary Material S.2. 

Table S.2.1. Parameter values for data generation for the five metapopulation dynamics scenarios (M…, 

Ms.., Msc., Msct, M..t), with αε the extinction intercept and αγ colonisation intercept; βε1, βε2, βε3, βε4 the 

regression coefficients associated with effective wetland area, aquatic vegetation cover, connectivity 

and rainfall respectively; βγ1, βγ2, βγ3 the regression coefficients associated with effective wetland area, 

connectivity and rainfall respectively.  

 αε βε1 βε2 βε3 βε4 αγ βγ1 βγ2 βγ3 

M… -0.1 0 0 0 0 -1.95 0 0 0 

Ms.. 7 -1 -0.05 0 0 -3.5 0.15 0 0 

Msc. 7 -1 -0.05 -6 0 -3.5 0 7.5 0 

Msct 7 -1 -0.05 -6 -0.001 -3.5 0 7.5 0.001 

M..t 7 0 0 0 -0.02 -3.5 0 0 0.009 
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Figure S.2.2. Spatial arrangement of monitored sites in this study (upper 6 plots; 5 sites, 25 sites, 50 
sites, 100 sites, 125 sites, 500 sites) and sites monitored in Heard et al. (2013) (lower plot; 167 sites). 
Coordinates are in Northing and Easting.   
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Figure S.2.2. (continued) Spatial arrangement of monitored sites in this study (upper 6 plots; 5 sites, 
25 sites, 50 sites, 100 sites, 125 sites, 500 sites) and sites monitored in Heard et al. (2013) (lower plot; 
167 sites). Coordinates are in Northing and Easting.   
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Figure S.2.3a. Uncertainty surrounding parameter estimates obtained from maximum likelihood 

analysis of the intercept (left panels) and regression coefficient (right panels) of colonisation (upper 

panels) and extinction (lower panels) probabilities with an error term. The X-axis represents alternative 

survey resource allocations between number of sites (S) and number of years (Y). 
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Figure S.2.3b. Uncertainty surrounding parameter estimates obtained from maximum likelihood 

analysis of the intercept (left panels) and regression coefficient (right panels) of colonisation (upper 

panels) and extinction (lower panels) probabilities without an error term. The X-axis represents 

alternative survey resource allocations between number of sites and number of years, with (1) 10 sites 

and 20 years, (2) 20 sites and 10 years, (3) 40 sites and 5 years.   
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OPTIMAL RESOURCE ALLOCATION BETWEEN MONITORING AND MANAGEMENT 

OF AN ENDANGERED METAPOPULATION 

Abstract 

Conservation managers must choose the amount of management required to keep the extinction risk of 

endangered species within acceptable levels. Management actions are often costly to implement and 

decisions need to be made under considerable uncertainty. Monitoring before management helps 

learning about the system and therefore provides insight into the response of endangered populations to 

management, but also involves a cost. Spending more on monitoring is expected to increase 

understanding about the exact amount of management required, but, when budget must be shared with 

management, monitoring means that fewer resources are available for management implementation. 

This trade-off is hard to evaluate. Using the probability that the metapopulation would improve from 

management, I quantified this trade-off for the case of an endangered metapopulation around Melbourne 

(Australia) and assessed the impact of alternative amounts of monitoring and management on expected 

metapopulation viability. Management impacted the probability of improvement in that more 

management improved the metapopulation’s performance. More monitoring, in contrast, increased 

certainty about this improved performance from management. This meant an increase in the probability 

of improvement if the metapopulation benefitted from management, and a decrease if the 

metapopulation deteriorated from management (because it was insufficient). This study provides insight 

into how monitoring and management affect the confidence about the metapopulation’s response to 

management. I investigate this for a case and simulation study, with the case study providing realistic 

estimates of metapopulation dynamics and the simulation study substantially expanding the amount of 

monitoring data available for the analyses. The optimal amount of monitoring and management 

depended on the total budget and the timeframe. This study can be extended to other conservation 

problems by providing insight into how alternative resource allocations between monitoring and 

management of endangered species affect confidence levels of management effectiveness.   

Introduction 
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Ecological models are used in conservation to help understand the dynamics of endangered populations 

and to predict the impact of management actions (and inaction) on the persistence of those populations. 

Based on these predictions, the best management actions to ensure population persistence can be 

identified. This is done in various contexts (e.g. Bode & Brennan 2011; Heard et al. 2013).  Models can 

be parameterised in different ways, using expert opinion, the literature, and existing data sets (Johnson 

& Gillingham 2004; Forbis et al. 2006; Bode & Brennan 2011; Czembor et al. 2011). Collecting more 

field data can increase the precision of parameter estimates for these models. But monitoring involves 

a cost; it takes time and effort (Nichols & Williams 2006; Lyons et al. 2008; McDonald-Madden et al. 

2010), so it is important to determine how much monitoring is required for a particular purpose.  

Conservation resources are scarce (Bottrill et al. 2008) and often need to be allocated between 

monitoring and management (Leader-Williams, Adams & Smith 2011). It is expected that accumulation 

of information would decrease uncertainty and therefore result in better management, but that is not 

necessarily the case (e.g. Maslin & Austin 2012). The benefit of gaining knowledge must be traded-off 

against the benefit of spending resources elsewhere, such as on management (Bogich, Liebhold & Shea 

2008; Grantham et al. 2009; Knight et al. 2010; Martin et al. 2012) and against the consequences of 

implementing management incorrectly or making the wrong decision (Rout 2009).  

The probability of persistence of an endangered population will increase with the resources spent on 

management, but that expenditure would reduce resources for monitoring. Sufficient management 

would ensure that the probability of persistence is acceptably high, but being sure that this threshold 

level of performance is reached requires a good understanding of the system, which might require 

substantial monitoring. Thus, the predicted outcome of management will become less certain as fewer 

resources are spent on monitoring. Given this trade-off between monitoring and management, what is 

the optimal allocation of resources between monitoring and management? 

The management of endangered metapopulations provides a relevant context to explore this question. 

Stochastic patch occupancy models (SPOMs) are useful tools to characterise metapopulation dynamics 

(Hanski 1994) (e.g. Heard et al. 2013; Fernandez-Chacon et al. 2014; Sutherland, Elston & Lambin 

2014), with extensions allowing for imperfect detection (MacKenzie et al. 2003). In these models the 
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occupancy status of patches is modelled as a function of the probabilities of local extinction and 

colonisation of the distinct patches (Sjogren-Gulve & Hanski 2000; Hanski & Ovaskainen 2003). These 

probabilities can be modelled as a function of patch area and isolation (or the opposite; connectivity 

with neighbouring patches) (Hanski 1994). The models can then be used to simulate metapopulation 

dynamics in the future (Hanski et al. 1996).  

Accounting for uncertainty in the predictions of population dynamics is important when supporting 

management decisions (McGowan, Runge & Larson 2011; Heard et al. 2013). This can be conveniently 

achieved by fitting SPOMs within the Bayesian framework (e.g. Royle & Kéry 2007; Heard et al. 2013), 

thus representing parameter estimates and their uncertainty by probability distributions (McCarthy 

2007). The precision of parameter estimates will increase with the amount of monitoring data, 

increasing the reliability of projected risks of decline of the population (or metapopulation).  

In this study, I investigate the trade-off between monitoring and management of an endangered 

metapopulation, by testing how alternative resource allocations affect the confidence about 

metapopulation persistence. I consider an urbanisation scenario, that destroys part of the 

metapopulation’s habitat and an offsetting scenario where managers aim to ensure that a reduction in 

viability due to loss of habitat is mitigated by creation of new habitat. In that scenario, monitoring data 

are used to estimate the parameters of a metapopulation model; more data lead to more precise 

projections of the fate of the metapopulation and the effectiveness of management.  

Alternative resource allocations impact persistence by improving the metapopulation through creation 

of new habitat, but greater investment in habitat creation leads to less monitoring, meaning that 

managers might be less sure that the amount of habitat created is sufficient to offset the impacts of 

habitat loss. Conversely, more monitoring means more certainty about the improvement, but less habitat 

that can be created. To achieve the largest increase in metapopulation persistence one could argue that 

the best way to spend the budget is entirely on management. However, if the entire budget is spent on 

management, no resources remain for monitoring, and it is impossible to document how management 

affects metapopulation persistence. We investigate this trade-off between monitoring and management 

using an endangered growling grass frog (Litoria raniformis) metapopulation around Melbourne as an 
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example. The allocation aims to find the combination of management and monitoring that maximises 

the confidence that the metapopulation would improve from management.   

Methods  

OVERVIEW   

The real-world motivation for this study is the loss of wetlands due to urbanisation of Melbourne, and 

the creation of new wetlands to offset this loss. Wetlands are being destroyed, leading to impacts on a 

federally-listed species. The management of this species requires that developers pay money into a fund 

that is then used to create new wetlands for the species as an offset. However, questions remain about 

how much effort should be put into determining the dynamics of the species (so that the appropriate 

level of investment in management can be determined) and how many new wetlands should be created. 

Spending more effort on monitoring the dynamics of the species will result in more accurate predictions 

of how it will respond to management, but will unavoidably use up resources that could otherwise be 

spent on wetland creation. Finding that balance between the effort spent on learning about the dynamics 

to determine the sufficient amount of offsetting wetlands and actually creating the wetlands is essential 

to effectively manage this endangered metapopulation.   

This study was based on a 6-year dataset of growling grass frog detections across 167 wetlands with 

associated information about wetland characteristics. Multiple surveys per wetland were conducted 

each year in order to account for imperfect detection, but not all wetlands were monitored every year 

(Heard et al. 2013). Figure 3.1.1 and 3.1.2 show the steps involved in the analyses. I considered different 

quantities of monitoring data, and fitted each data set using a Bayesian stochastic patch occupancy 

model (SPOM). The posterior distributions of the estimated parameters were then used to simulate 

dynamics of a small metapopulation across 30 years under urbanisation and increasing management 

(i.e. increasing number of new wetlands created) as offsets. The expected minimum numer of occupied 

wetlands was used as the measure of metapopulation viability. I calculated, for each management 

scenario, the probability that the metapopulation viability had increased due to offsetting with respect 

to current conditions (i.e. no wetland removal and no offsetting). Finally, I evaluated the probability of 

improvement versus the total cost of monitoring and management, for each dataset and wetland creation 
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scenario, to identify the optimal allocation of resources for different budgets. This can be viewed as 

defining the required budget (and associated levels of monitoring and management) that must be 

invested to reach a desired level of confidence in the management outcomes. Details about these steps 

are provided in the following sections.  

Since the original dataset was a single possible set of data and contained a variable number of wetlands 

that were monitored each year, I extended the assessment to simulated data to facilitate conclusions 

about the trade-off between monitoring and management. This also allowed extending the study to more 

than 6 years of data. As an added benefit, I knew the true parameter values when using simulated data, 

allowing assessment of the accuracy (i.e. lack of bias and level of precision) of parameter estimation 

and predictions of metapopulation viability and the probability of improvement.  
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Figure 3.1.1. Workflow for the simulation study. Occupancy turnover and wetland characteristics were 

monitored following different regimes. A SPOM was fitted to each of these subsets in a Bayesian 

framework, resulting in posterior distributions of parameter estimates. These joint posteriors were used 

to project metapopulation dynamics across 30 years and calculate metapopulation persistence under 

current conditions and different wetland creation scenarios to offset urbanisation. Uncertainty around 

persistence estimates was used to calculate the probability of improvement of the metapopulation due 

to management to eventually elucidate the optimal allocation of resources between monitoring and 

management.  
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Figure 3.1.2. Workflow from 6,000 MCMC samples of the joint posterior distribution of parameter 

estimates to the projections of metapopulation dynamics across 30 years and calculation of ∆ minocc.  

 

MONITORING DATA 

The first assessment (case study) involved considering the real dataset in full and a subset that contained 

only the data corresponding to the first 3 years. For the second assessment (simulation study), I 

simulated 50 years of occupancy data at the same 167 wetlands. The model structure and parameter 

estimates in Heard et al. (2013) were used to simulate this dataset (model detailed next). I simulated 

occupancy of the frog at each wetland for each year. I then simulated the imperfect observation of 

wetlands, considering that wetlands were sampled multiple (5) times per year to account for imperfect 

detection. This resulted in a detection dataset with 5 surveys per year across 50 years and 167 wetlands. 

I considered different monitoring regimes by taking subsets of this simulated detection dataset 

containing 3, 6, 10, 20 and 50 years of data. Given that spatial monitoring can replace temporal 

monitoring (see Chapter 2), monitoring more years can be thought of as being equivalent to monitoring 

more wetlands in the same time-frame.  
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STOCHASTIC PATCH OCCUPANCY MODEL (SPOM) 

Following (Heard et al. 2013), I modelled metapopulation dynamics with a Bayesian multi-season 

stochastic patch occupancy model (SPOM) while accounting for imperfect detection (MacKenzie et al. 

2003; Royle & Kéry 2007). Probability of local extinction and colonization were modelled as a function 

of wetland- and landscape-scale variables; probability of extinction was made a function of effective 

wetland area, aquatic vegetation cover and connectivity; and probability of colonization a function of 

connectivity alone. In such model, occupancy turnover was modelled as (MacKenzie et al. 2003):  

 !",$%& = 	)",$*1 − -",$. + *1 − )",$.	0",$ (3.1) 

 

where Ψi,t+1 is the probability that the species is present at wetland i at time t+1, Zi,t is the occupancy 

status of wetland i at time t, εi,t is the probability that wetland i becomes empty at time t+1 if it was 

occupied at time t (local extinction), and γi,t the probability that wetland i becomes occupied at time t+1 

if it was empty at time t (colonization). The probabilities of local extinction ε and colonization γ are 

defined as a function of covariates using the logit link (Sjogren-Gulve & Ray 1996): 

 l2345*-",$. = 67		 + 	87&	9&,",$ + 87:	9:,",$ + ⋯+ 87<	9<,",$ (3.2) 

 =2345*0",$. = 6>		 + 	8>&	?&,",$ + 8>:	?:,",$ + ⋯+ 87@	?@,",$ (3.3) 

 

where αε and αγ are the intercepts, X1,i,t , X2,i,t , XN,i,t and Y1,i,t , Y2,i,t , YM,i,t are the values of the covariates 

at each wetland i in the previous timestep and βε1, βε2, βεN and βγ1, βγ2, βγM the corresponding regression 

coefficients. The variables influencing extinction were effective wetland area, aquatic vegetation cover 

and connectivity and the single variable driving colonisation was connectivity. The balance between 

local extinction and colonisation of vacant wetlands drives the metapopulation dynamics (Sjogren-

Gulve & Hanski 2000). Model fitting was done using JAGS v. 3.4.0, called from R v. 3.2.4 (R core 

team 2016) using the add-in package R2Jags (Yu-Sung & Masanao 2015). I used vague, normally 

distributed priors (N[0, 1000]). Convergence was evaluated based on Rhat summary statistics (Gelman 

& Rubin 1992). Convergence was achieved within 180,000 MCMC iterations and the last 6,000 MCMC 
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samples out of a total of 200,000 (with burn in) were kept to characterize the joint posterior distribution 

of the estimated parameters.  

URBANISATION AND COMPENSATORY WETLAND CREATION 

I used the parameter estimates to assess persistence of a separate small metapopulation, inhabiting 30 

wetlands, subject to a set of alternative management scenarios including maintenance of current 

conditions (without urbanisation and compensatory wetland creation), urbanisation (all wetlands 

outside a 200 m riparian reserve were removed), and compensatory wetland creation (all wetlands 

outside a 200 m riparian reserve were removed and between 1 and 20 new wetlands were created to 

offset urbanization). Under current conditions, 30 wetlands were available. Urbanisation removed 12 

wetlands, situated outside the riparian reserve, and 18 wetlands remained. With urbanisation and 

compensatory wetland creation, between 18 and 38 wetlands were available, corresponding to between 

0 and 20 newly-created wetlands. The new wetlands were positioned at strategic places so they could 

easily be colonised from populations inhabiting surrounding wetlands and form a cluster of aggregated 

sites (Fig. 3.2). 
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Figure 3.2. Spatial arrangement of wetlands under current conditions (a) and after urbanisation (grey 

zone) and implementation of a 200m riparian reserve with creation of 20 new wetlands (dark dots) (b). 

 

ASSESSMENT OF METAPOPULATION PERSISTENCE 

Persistence of this small metapopulation was evaluated under the alternative management scenarios 

above. Metapopulation dynamics were projected 500 times across 30 years, for each set of parameter 

estimates (each set of 6,000 MCMC samples of the joint posterior). Each projection involved inserting 

these parameter estimates into the SPOM equation (eqn 1) to calculate the probability of occupancy at 

a wetland in each time step, then sampling from a Bernoulli distribution. For simplicity, I assumed that 

all wetlands were initially occupied in these simulations. For each set of parameter estimates, 

metapopulation persistence was measured as the minimum number of occupied wetlands across 30 

years (averaged across the 500 projections (minocc)); a metapopulation equivalent of the expected 

minimum population size (McCarthy & Thompson 2001). By using 6,000 MCMC samples, I ensured 

that parameter uncertainty was propagated through to these projections of metapopulation dynamics, 

and ultimately onto our metric of metapopulation persistence.    

 

PREDICTED PROBABILITY OF IMPROVEMENT  

The predicted minimum number of occupied wetlands (minocc) under current conditions, i.e. without 

urbanisation and compensatory wetland creation, was used as a baseline to evaluate the effect of 

urbanisation and compensatory wetland creation on metapopulation persistence. This effect was 

assessed by calculating the difference in the predicted minimum number of occupied wetlands between 

urbanization with compensatory wetland creation and current conditions (Δminocc). Expected 

metapopulation persistence under urbanisation with compensatory wetland creation was either higher 

(positive Δminocc) or lower (negative Δminocc) than expected metapopulation persistence under 

current conditions. For more details, see (Heard et al. 2013).  
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I took the positive proportion of mass in the distribution of Δminocc as the predicted probability of 

improvement. This reflects how certain it is that metapopulation persistence will be greater under that 

specific wetland creation scenario than under current conditions. I calculated this probability of 

improvement for each combination of monitoring dataset and wetland creation scenario.   

COST AND OPTIMAL ALLOCATION OF RESOURCES BETWEEN MONITORING AND MANAGEMENT 

Monitoring (recording occupancy turnover and wetland characteristics) and management (wetland 

creation) were associated with a cost. The average cost of monitoring one site for a single survey was 

set to AUD 200. The cost of management was AUD 350,000 per newly-created wetland. This did not 

completely reflect reality since the cost of the firstly created wetland is higher than the cost of extra 

added wetlands (due to a fraction of the cost being amenities for builders, etc.).  

We ignore this extra detail for illustrative purposes. For all possible combinations of monitoring 

(different number of years of monitoring) and management (between 0 and 20 new wetlands), I 

calculated total cost and the predicted probability of improvement. I plotted the predicted probability of 

improvement versus the total cost of monitoring and management. Points situated along the Pareto 

frontier reveal the optimal allocation of resources for any given budget, i.e. the allocation of resources 

that resulted in the highest expected probability of improvement for that budget. An allocation of 

resources is called Pareto efficient if it is impossible to improve one variable (e.g. increasing the 

probability of improvement) without deteriorating another one (e.g. increasing the total cost of 

monitoring and management).  

Results  

OVERVIEW 

As expected, uncertainty around parameter estimates increased when fewer data were used to fit the 

model. Parameter uncertainty propagated through to projections of metapopulation dynamics across 30 

years; uncertainty around predicted metapopulation persistence increased with fewer data. Two factors 

influenced the probability that the metapopulation would improve; (1) the amount of management and 

(2) the amount of monitoring. More management (i.e. an increasing number of newly-created wetlands) 
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increased the probability that the metapopulation would improve. More monitoring increased the 

confidence about this improvement; if there was a real improvement, more monitoring increased the 

probability of improvement, whereas if management was inadequate and the metapopulation 

deteriorated from urbanisation and management then more monitoring decreased the probability of 

improvement. In other words, monitoring reduced the uncertainty around management effectiveness.  

CASE STUDY 

Metapopulation persistence 

For both 3 and 6 years of monitoring, uncertainty in predicted metapopulation persistence (minocc) 

when current conditions were maintained was substantial (Fig. 3.3 – left panel).  The 1.5 interquartile 

range for minocc when 3 years of data were available covered the full range of potential occupied 

wetlands (0 – 30), and was just slightly narrower (0 – 27) with 6 years of data. Uncertainty in minocc 

was still large under urbanisation and wetland creation scenarios when only 3 years of monitoring data 

were available, with 1.5 interquartile range extending from 0 to the maximum number of available 

wetlands in each scenario (it is that number that leads to the truncation in the plot). Uncertainty in 

minocc under urbanisation and wetland creation scenarios was substantially smaller with 6 years of 

monitoring data. In the case of 6 years of monitoring, uncertainty under urbanisation and wetland 

creation scenarios was substantially smaller than for current conditions. The spatial arrangement of 

wetlands explains why minocc estimates under current conditions are that uncertain (Fig. 3.2). New 

wetlands were arranged differently than wetlands under current conditions, with new wetlands situated 

closer to each other and better connected than wetlands under current conditions (which were 

aggregated in clusters). When wetlands under current conditions became empty (i.e. populations in a 

cluster go extinct), it was harder for them to be recolonised than new wetlands because of the large 

distance between wetlands from different clusters. This causes the entire system to be more prone to 

stochasticity because multiple projections of metapopulation dynamics resulted in a largely variable 

minimum number of occupied wetlands, hence the uncertain minocc estimates under current conditions. 

When populations inhabiting new wetlands went extinct, recolonisation was much more likely and the 
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system was more robust against stochasticity. Hence, there was less variability among minimum 

occupancy estimates in the different projections leading to more certain estimates. 

Predicted probability of metapopulation improvement  

The median value for the predicted difference in metapopulation persistence (or difference in the 

expected minimum number of occupied wetlands between wetland creation scenarios and current 

conditions, Δminocc) was negative and remained relatively constant across all wetland creation 

scenarios when 3 years of monitoring data were available (Fig. 3.3 (a) – right panel). This means that, 

if we only had 3 years of data available, we would conclude that the metapopulation was worse off 

under urbanisation and all offsetting wetland creation scenarios than under current conditions, based on 

median values. Uncertainty increased substantially with increasing number of newly-created wetlands. 

Upper bounds of the 1.5 interquartile range were positive as soon as more than 2 new wetlands were 

created, indicating a possible improvement relative to current conditions. However, lower bounds were 

negative across all wetland creation scenarios, suggesting that three years of data is insufficient to be 

sure that any wetland creation scenario could offset the loss of habitat. Therefore, we could conclude 

that 3 years of monitoring data was not sufficient to be sure that any of the considered management 

scenarios would achieve better metapopulation persistence than current conditions. When 6 years of 

monitoring data were available the median value for Δminocc increased with increasing number of new 

wetlands and its uncertainty was similar across the different wetland creation scenarios (Fig. 3.3 (b) – 

right panel). Until 12 new wetlands were created, the upper bounds of the 1.5 interquartile range were 

positive and the lower bounds negative, indicating that both an improvement as well as a deterioration 

of the metapopulation was possible. As soon as 13 new wetlands were created, it was predicted with 

100% certainty that the metapopulation would improve from management. When we look at the 

probability that the metapopulation would improve from new wetland creation (Fig. 3.3 – right panel; 

positive proportion of the plots), we can conclude that for both 3 and 6 years of monitoring, the predicted 

probability of improvement increased with increasing number of new wetlands, suggesting an actual 

improvement, and with the amount of monitoring data that were used to fit the model, indicating a larger 

certainty about the improvement that new wetlands bring.  
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It seems contrary to expectations that there is a probability that the metapopulation would improve from 

scenarios with less wetlands than current conditions. As mentioned earlier, this can be explained by the 

different spatial arrangement of new wetlands. Compared to wetlands under current conditions, new 

wetlands are more likely to be recolonised, resulting in higher probabilities of improvement even with 

less wetlands than under current conditions.  

 

 

Figure 3.3. Violin plots (Hintze & Nelson 1998) showing median values (white dots) and uncertainty 

(first and third quartile (bold error bars) and 1.5 interquartile range (light error bars)) of predicted 

metapopulation persistence, measured as minimum number of occupied wetlands or minocc (left panel), 

and change in minimum number of occupied wetlands, Δminocc (right panel), for different amount of 

monitoring data; (a) 3 years, (b) 6 years, and increasing number of new wetlands (X-axis; number of 

new wetlands) for the study with real data. The grey area shows a positive difference in metapopulation 
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persistence between each wetland creation scenario and current conditions. This positive proportion 

represents the predicted probability of metapopulation improvement due to that particular wetland 

creation scenario. 

 

Optimal allocation of resources between monitoring and management 

The resource allocation between monitoring and management that resulted in the highest probability of 

metapopulation improvement is shown in Fig. 3.4. Except for a very small budget, collecting 6 years of 

data performed better than 3 years of data because it resulted in a higher probability that the 

metapopulation would improve. With 6 years of monitoring data available, the maximum probability 

of improvement was achieved when 11 new wetlands were created. That is, there was 100% certainty 

that with 11 new wetlands the fate of the metapopulation would improve compared to current 

conditions. With only 3 years of data, this level of certainty was never achieved, even if 20 new wetlands 

were created. 

 

Figure 3.4. Probability of metapopulation improvement versus total cost of monitoring and 

management for the study with real data. Different lines represent different amounts of monitoring data 
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and different points on the lines represent an increasing number of wetlands (between 0 and 20 new 

wetlands).  

 

SIMULATION STUDY 

Metapopulation persistence 

The same pattern for uncertainty around estimates of metapopulation persistence was observed for the 

simulation study, with uncertainty decreasing when more monitoring data were used to fit the model. 

Uncertainty around minocc estimates for both current conditions and wetland creation scenarios covered 

the full range of available wetlands when monitoring for only a few years, and was significantly smaller 

for a longer period of monitoring (Fig. 3.5 – left panel). Across all monitoring regimes, uncertainty 

around minocc estimates for wetland creation scenarios was substantially smaller than for current 

conditions due to the spatial arrangement of the wetlands and the larger stochasticity of the system 

under current conditions, as previously explained.   

Predicted probability of metapopulation improvement 

Median values of the predicted difference in metapopulation persistence increased with increasing 

number of wetlands for all monitoring regimes (Fig. 3.5 – right panel). For few years of monitoring (3 

and 6 years) uncertainty increased with increasing number of wetlands (because more wetlands became 

available to be occupied); for a longer monitoring period (20 and 50 years) uncertainty was similar 

regardless of the number of new wetlands created. For all monitoring regimes, the predicted probability 

of improvement increased with increasing number of wetlands (Fig. 3.5 – right panel; positive 

proportion of the graphs), indicating an actual improvement of the metapopulation. For few years of 

monitoring though, certainty about the metapopulation improving never achieved 100%, even when 20 

wetlands were added, whereas for more monitoring, improvement of metapopulation persistence was 

predicted to be 100% certain as soon as 11 wetlands were created. The certainty about the actual 

improvement increased with the amount of data, increasing the probability of improvement when there 

was an actual improvement from management and decreasing the probability of improvement if the 

metapopulation was worse off under that specific management scenario.  
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Also in this case, it is contrary to expectations that there was a probability that the metapopulation 

would improve from scenarios with less wetlands than current conditions. But, again, this can be 

explained by the fact that newly-created wetlands are better connected, and therefore easier to recolonise 

once they become empty than wetlands under current conditions.  

 



CHAPTER 3                 OPTIMAL RESOURCE ALLOCATION BETWEEN MONITORING AND MANAGEMENT OF A METAPOPULATION    

 

60 
 

Figure 3.5. Violin plots (Hintze & Nelson 1998) showing median values (white dots) and uncertainty 

(first and third quartile (bold error bars) and 1.5 interquartile range (light error bars)) of predicted 

metapopulation persistence (measured as expected minimum number of occupied wetlands or minocc 

— left panel) and change in minimum number of occupied wetlands (Δminocc — right panel) for 

different amounts of monitoring data; (a) 3 years, (b) 6 years, (c) 10 years, (d) 20 years, (e) 50 years 

and increasing number of new wetlands (on the X-axis) for the study with simulated data. The grey area 

shows a positive difference in metapopulation persistence between each wetland creation scenario and 

current conditions. This positive proportion represents the predicted probability of metapopulation 

improvement due to that particular wetland creation scenario. 

 

Optimal allocation of resources between monitoring and management  

Collecting 50 years of data (or collecting the equivalent amount of data from monitoring a number of 

sites in a shorter time-frame, as shown in chapter 2 of this thesis) is expensive (~AUD 5,000,000) (Fig. 

3.6). Such information provided evidence that with creating 3 new wetlands there was almost 80% 

chance of improving the metapopulation (Fig. 3.6; 4th symbol on the curve representing 50 years of 

monitoring). With 5 or more new wetlands there was practically full certainty that the metapopulation 

would improve (predicted probability of improvement close to 1). Collecting 20 years of data is cheaper 

but more wetlands needed to be created to have the same level of confidence about the improvement of 

the metapopulation. At least 6 new wetlands were required to arrive at a confidence level of 

improvement of 80% and a minimum of 10 new wetlands to be practically 100% certain that the 

metapopulation would improve. Ten years of data required a minimum of 8 new wetlands to be more 

than 80% certain that the metapopulation would improve, and at least 12 new wetlands to have full 

certainty about its improvement. With 6 years of monitoring data, 12 new wetlands were required to be 

80% certain about the improvement and it is never fully certain that the metapopulation would improve, 

even when considering 20 new wetlands. Collecting 3 years of data was the cheapest but the confidence 

about the metapopulation improving never exceeded 85%.   

The Pareto frontier consists of points representing the highest level of confidence about the 

improvement for any given budget and therefore the optimal allocation of resources between monitoring 

and management. A small budget (< AUD 106) only allowed us to monitoring for 3 years and we could 
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only demonstrate a small (less than 10%) probability that the metapopulation would improve, since 

there are not sufficient resources to create new wetlands. With a budget of ~AUD 106.5 monitoring for 

10 years and creating 5 new wetlands resulted in the highest certainty about the metapopulation’s 

improvement. The optimal allocation with a budget between AUD 106 and AUD 106.5 shifted from 

monitoring for 3 years and creating between 3 and 5 new wetlands (increasing with the budget) to 

monitoring for 10 years and creating between 3 and 6 new wetlands. In this budget range, the probability 

that the metapopulation would improve is between 10 and 80%. With a large budget (> AUD 106.5) the 

optimal allocation would be to monitor for either 10 years, 20 years or 50 years, with the number of 

wetlands that needed to be created to obtain maximum probability of improvement of 1 decreasing with 

increasing amount of monitoring. With a large budget (> AUD 107) we could either monitor for 20 

years and create 20 new wetlands or monitor for 50 years and create 6 or more new wetlands to achieve 

a probability of improvement of 1.  

In case of the simulation study, monitoring for 3 years outperformed monitoring for 6 years when fewer 

than 13 wetlands are created.  This contradicts the findings of the case study, and might be explained 

by the fact that the case study only considered one situation, whereas the simulation study averaged 

across 10 simulations. Examining the individual simulations revealed that parameter estimates inferred 

from fitting the model to 3 years of data were highly uncertain, as opposed to estimates inferred from 6 

years of monitoring, where the levels of uncertainty varied across simulations. As monitoring for many 

years is likely to be unfavourable in a conservation context, monitoring more years can be considered 

equivalent to monitoring more sites, as evaluated in Chapter 2 of this thesis.  
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Figure 3.6. Probability of metapopulation improvement versus total cost of monitoring and 

management for the study with simulated data. The different lines represent different amounts of 

monitoring data and different points represent between 0 and 20 newly-created wetlands. The black 

horizontal line indicates a value of probability of improvement of 0.5.  
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Discussion  

In this chapter, I evaluated the trade-off between monitoring and management of an endangered 

metapopulation in Melbourne, Australia. I determined how to allocate a constrained budget between 

monitoring the dynamics of the metapopulation and implementing offsetting actions to maximise the 

confidence that the metapopulation would benefit from offsetting. When allocating limited budget as 

such, one can be certain that the implemented management will suffice. Applying this to a case and 

simulation study showed that this optimal allocation depended on the available budget and timeframe. 

As conservation resources are scarce, it is crucial to determine how to spend them to get the best 

conservation outcomes. This study serves as an example for a wider range of conservation decision 

making problems, where one needs to decide how to divide limited budget between learning about the 

dynamics of the system and its response to management, and the actual implementation of the 

management actions.   

The probability of improvement, or the chance that the metapopulation will do better under the 

offsetting scenario than under current conditions, provides insight into how to optimally allocate 

resources. Probabilities below 50% indicate a misallocation of resources. In that case, a larger budget 

should have been spent on management and therefore offsetting is expected to be insufficient. 

Probabilities exceeding 50% indicate that offsetting is likely to be sufficient. Spending more on 

management in both cases (viability below and above 50%) would improve the metapopulation, but 

that would redirect resources from monitoring and would not allow us to document the improvement 

as a result of the current allocation of resources. Determining this optimal allocation inherently contains 

the effect of both monitoring and management on the endangered metapopulation.  

The simulation study revealed that the more data used to fit the model, the fewer wetlands were required 

to achieve a satisfyingly high probability that the metapopulation would improve from offsetting. 

However, collecting lots of data requires a large budget, which is not always available. In our simulated 

case, sufficient (i.e. exceeding 50%) probability of improvement was achieved as soon as a minimum 

of ten years of data was collected (fitting the model to fewer data resulted in inaccurate estimates). In a 

conservation context, this large timeframe is concerning, as species at risk might go extinct while 
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collecting more data (Martin et al. 2012; Lindenmayer, Piggott & Wintle 2013). However, as shown in 

chapter 2 of this thesis, spatial monitoring can replace temporal monitoring, if there is sufficient 

sampling across the full gradient of the driving predictors. Yet, depending on the system, monitoring 

across a minimum number of years might still be required to reliably estimate relationships in the model.  

A key driver of how to optimally allocate resources between monitoring and management, is the cost 

of monitoring and management. Here, the cost of creating new wetlands is substantially higher than the 

cost of monitoring (creating one new wetland equals the cost of monitoring all wetlands for one year). 

Hence, the need to be as certain as possible about the minimum required number of wetlands to increase 

metapopulation persistence (i.e. to achieve offsetting sufficiency). An increase in the monitoring cost 

relative to the cost of creating new wetlands will adjust the plot representing probability of improvement 

versus total cost of monitoring and management, and would increase the steepness of the curves as well 

as the distance between curves (Fig. 3.6). The importance of accounting for cost variation in monitoring 

as well as in management has been increasingly recognised in different conservation contexts (see Cook 

et al. 2017 for a review).  

This study fits into a body of literature classified as informal value of information analyses, which 

perform post-hoc evaluations of decision outcomes, when a model is fit to datasets of varying sizes 

(Morris 2017). Similarly, Grantham et al. (2009) and Hermoso, Kennard and Linke (2013) have 

examined this in the context of habitat protection and reserve design by fitting a model to subsets of 

their original dataset. An informal value of information analysis explicitly quantifies the uncertainty 

surrounding model outcomes from fitting the model to each dataset. While results are case specific, 

findings provide a useful insight into how data (quantity as well as quality) affects decision making. 

Alternatively, this trade-off between data collection and management can be evaluated in a formal value 

of information analysis, which examines how the decision would change with more data, without 

explicitly quantifying the uncertainty resulting from fitting the model to datasets of varying size (Runge, 

Converse & Lyons 2011), but rather working with expected outcomes of using different data quantities.  

A major drawback of temporal monitoring in a conservation context, is the increased extinction risk 

associated with delaying management. In that particular context, it seems unlikely to collect more than 



CHAPTER 3                 OPTIMAL RESOURCE ALLOCATION BETWEEN MONITORING AND MANAGEMENT OF A METAPOPULATION    

 

65 
 

10 years of data before taking action. However, as pointed out earlier, spatial monitoring can replace 

temporal monitoring if sufficient replication exists across the full range of the predictors. Alternatively, 

in this specific study, one could simulate accounting for increased extinction risk during the monitoring 

period, by projecting metapopulation dynamics under an urbanisation scenario without creating new 

wetlands, for as long as monitoring is conducted. During the monitoring period, wetlands outside the 

riparian reserve would then be removed (gradually or all at the same time), without the creation of new 

wetlands. The longer the system would be monitored before implementing an action, the worse off the 

metapopulation would be at the moment of management implementation.  

In this study, temporal monitoring does not update the process model when new monitoring data 

become available and therefore does not identify updated key uncertainties over time. Yet if monitoring 

would be done in an optimal (e.g. Williams et al. 2018) or an adaptive (e.g. Specht et al. 2017, Pacifici 

et al. 2016) way, uncertainty would decrease over a shorter time period than is currently the case. This 

would result in more certainty about the minimum offset required to obtain a certain confidence in 

metapopulation improvement, with fewer years monitored than in current study. In that case, one would 

obtain equal certainty about the metapopulation improvement from management as obtained in current 

study, but with fewer resources. Therefore, an optimal/adaptive monitoring design can be considered 

as more cost-effective. 

Accounting for the opportunity cost of creating new wetlands would enhance realism of the analysis. 

Opportunity cost is the cost incurred by not having the benefit of something that would be there if we 

did not have a riparian reserve; e.g. development. Opportunity costs in conservation have been 

extensively studied in a wide context of ecosystem services (e.g. Naidoo & Adamowicz 2006; Naidoo 

et al. 2006; Naidoo & Ricketts 2006; Adams, Pressey & Naidoo 2010). The opportunity cost in this 

particular case, would be the loss of potential gain from urbanisation directly bordering the stream. The 

larger the area dedicated to new wetlands (riparian reserve), the smaller the area for (and gain from) 

development. The opportunity cost in this case could be included by increasing the cost of creating 

artificial wetlands based on the amount that is lost from not having the gain of development.   



CHAPTER 3                 OPTIMAL RESOURCE ALLOCATION BETWEEN MONITORING AND MANAGEMENT OF A METAPOPULATION    

 

66 
 

In this study, I determined the allocation of resources that maximised the level of confidence about 

offsetting measures of an endangered metapopulation around Melbourne. As this is a forward 

projection, spending the entire budget on offsetting would not allow us to document confidence levels, 

as one would have no knowledge about the response of the metapopulation to offsetting actions and 

therefore one would not be able to know when sufficient offsetting is implemented. I showed that the 

optimal allocation depended on the available budget and the timeframe. Conclusions from this work 

can guide other conservation cases, as this work offers insight into the impact of data on confidence 

levels of management effectiveness. As we are losing vulnerable species at high rate, quantifying the 

benefit of collecting more data before acting to reduce extinction risk is of key importance.   
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THE KNAPSACK ALGORITHM TO OPTIMISE SURVEYS FOR INVASIVE SPECIES  

Abstract  

Invasive species have a substantial impact on native populations and global biodiversity. For example, 

the yellow crazy ant (Anoplolepis gracilipes), was introduced to Christmas Island, Australia, in the early 

1900s, and has since caused severe damage to the island’s unique forest ecosystem. Following the 

introduction of a scale insect, the ants formed super-colonies, outcompeting other species on the island. 

To control the ant population, managers survey almost 1000 sites across the island every two years for 

super-colonies and bait sites where they are found. This island-wide survey is time-consuming and 

expensive, and uses valuable financial resources that could be spent elsewhere. More cost-effective 

monitoring and management strategies are required for more efficient use of conservation resources. In 

this study, I tested a novel method to identify the optimal spatial allocation of survey sites when 

expected budget cuts no longer allow for all of the sites to be surveyed. To identify the optimal survey 

strategy for a fixed budget, I applied the knapsack algorithm to maximise the probability of detecting 

ant super-colonies at sites using a habitat suitability model developed for the species. I evaluated the 

performance of this survey strategy in terms of detecting super-colonies by comparing it with five 

alternatives: (1) surveying sites ranked by the ratio of expected super-colony presence versus cost (i.e. 

a greedy algorithm that ranks sites based on cost-efficiency); (2) surveying sites ranked by expected 

super-colony presence; (3) surveying sites based on expert opinion; (4) surveying uniformly distributed 

sites across the island; and (5) surveying sites randomly distributed across the island. I tested the 

performance of each survey design strategy against known super-colony distributions and showed that 

the knapsack and greedy algorithm outperform the other survey strategies. The naïve survey strategies 

(i.e. the ones that uniformly or randomly selected sites to survey across the island) performed worst. 

Applying the optimisation to this case study suggests that sites around the edges of the island should be 

prioritised. These findings illustrate the effectiveness of accounting for variation in survey cost among 

sites (in addition to relying on an accurate statistical model) when optimising an invasive species survey 

design, particularly when dealing with a small survey budget. As Christmas Island National Park’s 

management budget will decrease, decisions need to be made on which sites to prioritise in the future.  
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Introduction 

Invasive species cause economic damage (Pimentel et al. 2000; Olson 2006; Kovacs et al. 2010), have 

an enormous effect on human health (Mack 2000; Pyšek & Richardson 2010), and drive native 

populations to extinction, which has a substantial impact on local and global biodiversity (Piazzi, 

Ceccherelli & Cinelli 2001; Green et al. 2011; Dorcas et al. 2012; Alemu 2016; Ballew et al. 2016; 

Pusack et al. 2016). Eradicating or controlling invasive species is difficult and expensive (Lodge et al. 

2006; Panetta 2009). Managers often have a limited budget, so optimising management decisions and 

monitoring effort is important to maximise the chance of eradicating or controlling invasive species 

(Mehta et al. 2007; Bogich, Liebhold & Shea 2008; Hauser & McCarthy 2009).  

Statistical models identify and synthesise key biological, ecological and spread information, required 

to optimise pest management decisions (Addison et al. 2013). For example, habitat suitability models 

can predict where invasive species are likely to establish and/or survive (Elith & Leathwick 2009; 

Guisan et al. 2013; Guillera-Arroita et al. 2015). Combined with decision theory, these models can 

prioritise where to spend limited resources across the landscape (Giljohann et al. 2011, Hauser & 

McCarthy 2009). Similarly, spread models, based on a species growth and dispersal, can predict how 

invasive species expand in the landscape and help focus surveillance programs and limit spread 

(Schmidt et al. 2010; Bonneau, Johnson & Romagosa 2016). Taking detectability of invasive species 

at a site into account, models inform how much effort should be spent surveying each site to confidently 

detect a species when present (Hauser & McCarthy 2009; Guillera-Arroita, Hauser & McCarthy 2014). 

The most appropriate prioritisation method, for a given setting, depends on the characteristics of the 

species, stage of invasion, survey method and program objective.    

Management decisions for invasive species rely on monitoring and/or surveillance data. Such data can 

inform management directly (i.e. invasive species detected during surveys can be removed), can 

parameterise distribution and/or spread models, or improve their predictions over time (Baxter & 

Possingham 2011). However, surveying for invasive species comes at a cost because it reduces the 

resources that can be spent on management. Therefore, invasive species managers might seek to 

optimise surveys so that the probability of detection is maximised, leading to surveys being more cost-
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effective. Where the target species is difficult to detect within a site, an additional trade-off emerges for 

survey design, because managers must not only decide where to search, but also the survey intensity to 

apply per site (e.g. Hauser & McCarthy 2009). 

Several optimisation approaches have been applied to invasive species survey to maximise detections 

for a fixed budget given imperfect detection (Hauser & McCarthy 2009; Guillera-Arroita, Hauser & 

McCarthy 2014) including when detectability varies over time (Moore, McCarthy & Lecomte 2016). 

When detectability is very high or equal across sites (Guillera-Arroita et al. 2015), time spent at a site 

will likely be a small fraction of the survey cost, with the main fraction of the budget being the time 

spent travelling to and between sites. The optimal survey strategy will then depend on the likelihood 

that the species is present and the cost of accessing the sites. Assuming equal detection probability 

across all sites, the question changes from which sites to survey and for how long, to whether to survey 

a site or not. This optimisation problem can be framed as a ‘binary knapsack’ problem (Martello & Toth 

1990). The knapsack algorithm selects an optimal (or near-optimal) set of elements, each containing a 

reward and cost, by maximising the total reward while not exceeding a cost limit (i.e. a budget) 

(Martello & Toth 1990; Kellerer, Pferschy & Pisinger 2004).  

An approximation to the knapsack solution can be obtained following a greedy algorithm that ranks 

elements based on their ratio of reward versus cost (i.e. their cost-efficiency). This approach has been 

used in conservation to rank projects and allocate resources to those projects up to a given overall 

budget. Joseph, Maloney and Possingham (2009) described a protocol for prioritising threatened 

species’ projects (“project prioritisation protocol” or PPP), which trades off the benefit of management, 

represented as the weight of the species (or its inherent value), the benefit of the project, and the 

probability that management would actually succeed, with the cost of management. Dodd et al. (2016) 

re-framed this protocol for biosecurity applications; weed eradication projects were prioritised by 

replacing the species’ weight in the PPP by a species’ weed risk, using a weed risk assessment score, 

and replacing the project’s benefit with a value for effectiveness, described as the proportional reduction 

in weed risk caused by management intervention.  
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Other studies have approached the project prioritisation problem as a knapsack problem, by selecting 

projects to determine the optimal combination, i.e. the combination that resulted in the largest benefit 

while not exceeding a budget. This was done in the context of improving water quality in Perth and 

Brisbane, Australia (Hajkowicz et al. 2008, Marinoni et al. 2011), and in the context of conservation in 

Maryland, USA (Messer et al. 2016).  

In this study, I am focusing on the case of a highly damaging invasive species on Christmas Island, 

Australia: the yellow crazy ant (YCA, Anoplolepis gracilipes) (Abbott et al. 2007). Christmas Island 

contains many endemic species, but has suffered severe population declines in several threatened 

species over the last decade (Beeton et al. 2010). Although native species are subject to a range of 

threats, YCA have contribute significantly to recent extinction events by forming high-density super-

colonies, directly or indirectly impacting other species through predation, interference and competition 

(Abbott et al. 2007, Davis et al. 2011, Green et al. 2011). To reduce the impacts of these super-colonies, 

Christmas Island managers conduct an island-wide survey every two years and then bait the detected 

super-colonies (Boland et al. 2011). Visiting every survey site (~1000) demands significant resources, 

which could otherwise be spent on managing YCA or other invasive species on the island. Furthermore, 

the current level of funding for these surveys is expected to decrease over time. Hence, there is a need 

to optimise cost-efficiency of monitoring of this and other pest species on the island to ensure that 

limited conservation resources are deployed most effectively to conserve the most species.  

In this study, I evaluate a set of survey strategies that aim to maximise the number of super-colonies 

found given a limited survey budget. To do this, I predict the likelihood of super-colony occurrence 

across Christmas Island by building a habitat suitability model using available monitoring data. I then 

estimate the cost of traveling to and surveying each of the potential sites. I use these data to prioritise 

sites following the binary knapsack algorithm, and compare its performance (in terms of finding super-

colonies) with five alternative survey strategies: (1) surveying sites prioritised by ratio of expected 

super-colony occurrence versus cost (i.e. ranked by cost-efficiency based on a greedy algorithm); (2) 

surveying sites according to expected super-colony occurrence only; (3) surveying sites based on expert 

opinion; (4) surveying sites uniformly distributed across the island; and (5) randomly surveying sites 

across the island. I test performance of each of these survey design strategies against known super-
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colony distributions and determine the strategy that results in the highest proportion of super-colonies 

found. This study focuses on how to optimise the survey for YCA super-colonies on Christmas Island, 

but can be extended to questions of optimal survey design strategies in general.  

Methods 

STUDY AREA   

Christmas Island is an Australian territory situated in the Indian Ocean, approximately 430 km south of 

the Indonesian island Java (Fig. 4.1). Almost two thirds of the island is national park and it is 

characterised, like many other remote islands, by high endemism (Beeton et al. 2010). It also is a place 

of large conservation concern, with many extinctions in recent years (such as the blue-tailed skink 

(Cryptoblepharus egeriae), Lister’s Gecko (Lepidodactylus listeri) and the blind-snake (Typhlops 

exocoeti)) (Smith et al. 2012). One of the main threats to the island’s native biodiversity are invasive 

species (such as the giant centipede (Scolopendra morsitans), wolf snakes (Lycodon aulicus capucinus) 

and feral cats (Felis catus)) (Beeton et al. 2010). Christmas Island is home to the most recent mammal 

extinction in Australia; the Christmas Island pipistrelle (Pipistrellus murrayi) (Martin et al. 2012). 

Therefore, the island is a major management priority for the Australian government (Christmas Island 

management plan 2014 - 2024).  

One of the endemic species on the island suffering population declines is the iconic red crab 

(Gecarcoidea natalis). This species is well known for its annual migration at the start of the monsoon 

season, when millions of individuals migrate from the forest to the coastline to mate and spawn. The 

red crabs are important for maintaining the structure of the forest ecosystem, as they feed on seedlings 

and leaf litter, while burrowing in the forest floor, thereby oxygenating the soil. The red crab population 

decline is caused by the highly aggressive invasive yellow crazy ant (Anoplolepis gracilipes) 

(Christmas Island management plan 2014 - 2024). Due to the keystone function of red crabs in the 

forest of Christmas Island, their loss impacts the entire ecosystem; impacted areas exhibit a dense 

understory as opposed to the open forest floor that naturally occurs. This ecosystem change has had 

severe effects throughout the community and has caused a secondary invasion of giant African land 

snails (Achatina fulica), of which the consequences are currently uncertain (Green et al. 2011).  



CHAPTER 4                                                       THE KNAPSACK ALGORITHM TO OPTIMISE SURVEYS FOR INVASIVE SPECIES 
 

75 
 

STUDY SPECIES 

For about 100 years, the accidently introduced yellow crazy ants (YCA, Anoplolepis gracilipes) caused 

little harm to the environment on Christmas Island. Only in the 1980s, the introduction of a mutualistic 

scale insect (Abbott & Green 2007) caused ants to grow in abundance and form super-colonies. In this 

mutualistic relationship, the ants farm honeydew from scale insects in the canopy of certain trees on the 

island. In return, they protect the scale insects against potential predators. The formation of ant super-

colonies threatens the entire forest ecosystem; the ants attack other animals by spraying formic acid into 

eyes and joints, which eventually kills them (O'Dowd, Green & Lake 2003).  

ISLAND-WIDE SURVEY  

To detect YCA super-colonies, Christmas Island National Park staff have conducted an island-wide 

survey every two years since 2001. The island-wide survey involves visiting approximately 1000 survey 

sites, which are distributed evenly across the island, approximately 400 m apart. At each site, they 

survey a 50m transect. If YCAs are detected, managers measure their activity by placing a card on the 

transect and count the number of ants that run across the card in 30 seconds. This is repeated every 5 m 

along the transect. Sites where ant activity is measured in excess of 37 ants per 30 seconds are deemed 

to contain YCA super-colonies. This threshold reflects the density at which YCAs are reported to have 

detrimental effects on other species (Boland et al. 2011). Sites containing super-colonies are revisited 

by staff at a later date to map the super-colony boundaries; this information is then used to target hand 

and/or aerial baiting (Boland et al. 2011). Traveling to and from survey sites, mapping super-colony 

boundaries, and baiting them is time consuming and expensive, and accounts for a large fraction of the 

island’s biodiversity management budget.  
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Figure 4.1. Map of Christmas Island situated in the Indian Ocean  

 

HABITAT SUITABILITY MODEL  

To optimise the YCA super-colony survey efforts, I used the single binary knapsack algorithm, in which 

each site requires a reward and a cost. I defined the reward as the probability of a super-colony being 

present at that site, derived from a habitat suitability model. To model habitat suitability, I used the 

presence-absence records of YCA super-colonies from the island-wide survey conducted between 2001 

and 2015. The eight-year presence-absence dataset ranged in size from 837 sites in year 2005 to 1010 

sites in year 2015. I trained the model with eight different datasets. Each dataset contained YCA super-

colony presence-absence records collected across multiple years, with one year of data excluded. I used 

the presence-absence data collected in that particular year as an independent dataset to test the 

performance of the alternative survey designs. I listed all relevant environmental variables for the 

ecology and spread of YCA on Christmas Island in consultation with the park’s natural resource 

manager (Dion Maple pers. communication) (Table 4.1). I also considered time since baiting as a 

potential predictor for super-colony occurrence, as I expected the probability of a site containing super-

colonies to increase with time since baiting. Surprisingly, an exploratory analysis revealed the opposite 
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effect; areas that were baited recently had a high probability of presence. This reflected the spatial and 

temporal correlation in ant occurrences rather than a plausible biological mechanism. Therefore, I 

decided not to include this predictor in the model.  
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Table 4.1. Environmental predictors used to model super-colony presence. All predictors were resampled to be at a 100 x 100 m resolution. See appendix for 

maps of environmental variables.  

Variable  Type  Relevance Data source  
Vegetation  Categorical – 7 classes Vegetation plays an important role in the distribution of scale 

insects. 

Christmas Island NP database 

Geology Categorical – 3 classes  Impacts the distribution and state of vegetation, and thereby of 

scale insects.  

Christmas Island NP database  

Elevation Continuous  As a proxy for soil depth:  low elevation being associated with 

shallow soil depth, which is believed to cause water-stressed 

vegetation. Stressed vegetation is more susceptible to scale insects: 

super-colonies more likely in low elevation.  

Christmas Island NP database  

Distance from nearest road  Continuous  Ants might disperse via vehicles: super-colonies more likely to 

develop closer to roads.  

Christmas Island NP database  

Year Categorical – 8 classes  Categorical variable to account for temporal variation in YCA 

super-colony occurrence over time. 

Christmas Island NP database  

 

* The original geology map contained 9 classes: (1) limestone; (2) limestone – undifferentiated; (3) limestone/talus; (4) pellet limestone, contains pellets and pebbles of phosphate rock; (5) 

phosphate rock – massive, boulder, and pebble deposits; (6) phosphatised/volcanic; (7) pinnacles of limestone with variable amounts of unconsolidated material; (8) unconsolidated material – 

mostly phosphatic soil containing >20% P205; and (9) volcanics – mostly basalt, scoria – undifferentiated. I collapsed limestone containing geology classes (1, 2, 3, 4, 7), phosphate containing 

classes (5, 6, 8) and others (9), resulting in a total of 3 geology classes. 

* The vegetation map contained 7 classes: (1) tall closed forest, deep soil phase; (2) closed forest, shallow soil phase; (3) closed forest, screen/pinnacle phase; (4) open forest and vine woodland; 

(5) closed forest, freshwater seepage; (6) heath, shrubland and low closed woodland; and (7) natural and planted revegetation. 
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I assessed pairwise correlation of the environmental predictors prior to fitting models. None of the 

variables appeared to be substantially correlated (in all cases r < 0.6), hence all variables were retained 

for model fitting.  I used logistic regression to model super-colony occurrence. Logistic regression is a 

type of generalised linear model (GLM) commonly used when the dependent variable is binary. A logit 

link function allows the data to be modelled using linear modelling assumptions:  

 !"#$%('() = !"# + '(
1 − '(

. = /0 +	/34(3 + ⋯+	/64(6	  

 

where pi is the probability that a super-colony is present at a site i, β0 the intercept term and βj the 

regression coefficient for the effect of the jth  independent predictor variable xij on the probability of 

occupancy of site i. I standardised the continuous variables by subtracting the mean and dividing by the 

standard deviation of each, to allow comparison of their relative effect on occurrence of the species.   

I included year as a fixed effect in the GLM, as proxy for annually changing variables, such as rainfall. 

I ranked candidate models based on Akaike’s information criterion (AIC), using the dredge-function in 

the R-package MuMin (R Development Team 2016), which runs through all possible model 

combinations by backwards selection. I evaluated predictive performance of the model by inspecting 

values of AUC (area under the receiver operating characteristic curve) obtained from cross-validation 

with the data obtained in the year that was excluded from the training set as test dataset, using the 

evaluate-function in the R-package dismo (R Development Team 2016). As the purpose of the model 

was to illustrate performance of the optimisation method, rather than building the optimal model, I only 

considered linear relationships.  

I predicted probability of YCA super-colony occurrence to all sites across the island using regression 

coefficients obtained from training the model with each of the eight multi-year datasets, and values for 

environmental variables across all sites. I used the regression coefficients associated with the preceding 

year to predict probability of super-colony occurrence to the year that I used as a test dataset for the 
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optimisation method. This resulted in eight values of predicted probability of super-colony occurrence 

at each site.  

DETECTABILITY 

Detectability is an important factor to consider when designing a survey program or when interpreting 

survey data. Ignoring detectability can lead to falsely reporting absences and incorrect predictions of 

where species are most likely to occur. In the case of YCA super-colonies, repeat visits done in 2009 

and 2011 revealed that the probability of detection is less than one (~ 0.5). I calculated the probability 

of detection using the package unmarked in R (R Development Team 2016). The main driver behind 

imperfect detection in this case is believed to be the fact that super-colonies cover sites heterogeneously, 

while the survey method only samples sites partially. This means that detection involves an element of 

chance of whether the transect intersects a super-colony. Placing down a card and counting the number 

of ants that cross the card in 30 seconds is influenced by the observer and by chance. Yet, imperfect 

detection is constant across sites, meaning that the derived quantity from modelling provides relative 

likelihood values (i.e. the probability of super-colony occurrence is proportional to the actual 

probability of occurrence, rather than representing the absolute probability values) (Guillera-Arroita et 

al. 2015). As the focus of this study is on prioritising (ranking) sites and there are no strong indications 

that the detectability of super-colonies varies with landscape characteristics, I believe this is an 

appropriate approach.  

SURVEY COST AND BUDGET  

To solve the survey optimisation problem, an estimate of the cost of surveying each site was required. 

I quantified the survey cost for each site as the time to walk from the nearest road (hereafter; travel 

time) plus the time to survey the 50 m transect.  

I computed travel time by dividing the distance from the site to the nearest road and the average walking 

speed across the habitat, which was estimated by park managers to be 100 m per minute. I considered 

the same walking speed across sites, irrespective of terrain features. This is a simplification of reality, 

as some terrains, such as steep slopes, thick forest or rocky outcrops will be slower to traverse than 

other habitats. I also assumed that after surveying a site, park managers would return to the same point 
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on the road from which they left, ignoring the possibility of visiting multiple survey sites in a row before 

returning to a nearby road.  

The time to survey the 50m transect at each site was calculated based on the characteristics of the terrain 

at that location. Park managers provided me with the most important terrain features affecting the time 

to survey the 50m transect. They reported three key factors: slope; whether a site was situated in open 

or closed vegetation; and whether it was situated in a pinnacle field or not. Pinnacle fields are areas of 

punctuated limestone and require more time to survey. They are found across the entire island, but are 

more prevalent in the south and east tips. Except for some areas around the island’s edges, the entire 

island is covered in closed vegetation. Most roads are situated on the central plateau, but roads are also 

concentrated on the eastern tip of the island (where the township of Flying Fish Cove is situated). Few 

smaller roads reach the southern tip.  

Managers used three classes to characterise the ‘slope’ of sites: (1) flat; (2) medium; and (3) steep. Both 

‘vegetation’ and ‘pinnacle field’ were binary variables (open/closed and present/absent, respectively). 

Park managers provided their expectation on the time needed to survey four key combinations of these 

terrain characteristics. Based on this information, I derived values (see R-code for exact calculations of 

intermediate travel times) for all other possible combinations of factors. See Fig. S.4.1 for mapped 

terrain characteristics.  
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Table 4.2. Relationship between terrain variables and time needed to survey sites. Times elicited from park managers are shown with an asterisk. 

 

Survey time 50 m transect (min) Slope Vegetation type Pinnacle field 
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The total survey cost at each site was obtained by summing the travel time and the time to survey the 

50 m transect. As the total survey costs across sites varied little, I did an extra analysis with rescaled 

survey cost. By subtracting 15 minutes at all sites I was able to evaluate how alternative costs might 

influence optimal surveys (see Fig. S.4.2 for spread of original and rescaled cost). Selecting sites to 

survey also requires information about the total budget available (B). I considered three alternative 

budgets, defined as fractions (25%, 50% and 75%) of the cost of surveying all the sites across the island.  

SINGLE BINARY KNAPSACK ALGORITHM 

I selected sites using the single binary knapsack algorithm, which implements the following 

optimisation (Kellerer, Pferschy & Pisinger 2004); 

 

maximise  
!(#$%$)
'

$()
 

 

subject to ∑ %$+$ ≤ -	and	%$ 	 ∈ 	 {0,1}	'
$()  

 

where Ri is the reward available at site i (i.e. here pi or the probability that site i contains super-colonies), 

N is the total number of sites, ci is the survey cost of site i, zi is inclusion (zi=1) or exclusion (zi=0) of 

site i from the survey, and B is the budget allowed. With this, the total reward across sites was 

maximised for the available budget.  

I solved the knapsack optimisation as a binary combinatorial optimisation problem with a dynamic 

programming approach in R (R Development Team 2016), using the R-package adagio. The dynamic 

programming approach provides an exact solution by decomposing the problem into smaller sub-

problems (Papadimitriou & Steiglitz 1982; Horowitz 1998). This R implementation of algorithm 

requires “weights” (i.e. survey costs) to be integers. To meet this requirement, I rescaled the total budget 

(the “capacity”) and survey costs by a factor of 10 and then rounded the resulting values. As all cost-

related quantities were rescaled (budget and costs), this operation does not have any consequences in 

the results.  

ALTERNATIVE SURVEY STRATEGIES   
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I compared the performance of the knapsack algorithm with five alternative strategies for selecting 

survey sites: (1) ranked by their cost-efficiency score (or ratio of expected super-colony occurrence and 

cost) and selecting those with the best scores; (2) ranked by their predicted probability of occupancy 

(i.e. only the reward); (3) based on expert opinion; (4) uniformly distributed; and (5) randomly 

distributed across the island.  

In survey design strategy (1), sites were selected following a greedy algorithm (Kellerer, Pferschy & 

Pisinger 2004), which involves ranking n sites in decreasing order of cost-efficiency ei, until the cost to 

survey n sites reached a total budget B as follows:  

e1  ≥ e2  ≥ … en   

 

subject to ∑ +$ ≤ -		8
$()  

 

(4.1) 

 

 

where ei is the efficiency, or the ratio of reward versus cost Ri /ci, of site i, and n the number of sites 

selected. 

Under strategy (2) I ranked n sites in decreasing order of reward Ri, until the cost to survey n sites 

reached a total budget B as follows:  

R1  ≥ R2  ≥ … Rn   

 

subject to ∑ +$ ≤ -		8
$()  

 

(4.2) 

 

 

Site selection under strategy (3) was informed by the Christmas Island National Park staff. They believe 

that super-colonies develop around the edges of the island, due to the shallow soil phase resulting in 

water-stressed vegetation being more susceptible to scale insect infestation. To mimic site prioritisation 

by park staff, I selected sites around the edges of the island and a small number of sites on the plateau 

(25, 50 and 75, depending on the budget under consideration; see above). The small number of sites on 

the plateau were selected to keep track of potentially developing super-colonies in that area and not just 

relying on prior belief of where super-colonies are most likely to develop. Sites around the edges were 
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ranked in increasing order of elevation and the lowest sites that fitted within the remaining budget, after 

selecting a small number of sites on the plateau, were surveyed.  

In strategy (4), I selected sites uniformly and in scenario (5) randomly across the island for the three 

fractions of budget.  

PERFORMANCE EVALUATION 

I tested performance of each survey design strategy against real datasets of super-colony distribution 

and quantified performance of each strategy as the proportion of super-colonies that would be detected. 

The independent test datasets were the ones held out of the training dataset. Average performance of 

each survey strategy was obtained by taking the mean performance over all independent test datasets 

and variation in performance across data sets was also measured.  

Results 

HABITAT SUITABILITY MODEL  

Of the candidate models I tested, the best fitting model according to AIC is the one that included 

elevation, distance to road, vegetation, geology and year as predictors for YCA super-colonies (Table 

4.3). Super-colonies were more prevalent at lower elevations and further from roads. Among geology 

classes, super-colonies were more common in areas with phosphate and geology types other than 

limestone. Among vegetation types, the occupancy rate of super-colonies was highest in tall, closed 

forest with deep soil phase. Super-colonies were less common in the years following 2001 (Table 4.4). 

The deviance explained by the model was 14% (null deviance = 3734, residual deviance = 3211) and 

the predictive performance was high, with AUC on average 0.70 (± 0.02) across all models. The habitat 

suitability model predicted the probability of YCA super-colonies to vary across the island between 

0.003 and 0.68, with predicted probability largest around the edges of the island, matching the expert 

opinion of Christmas Island Park Staff.                                                                                                                                                                                                                                                                                                            

SURVEY AND TRAVEL COST 
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Survey costs tend to be higher in the southern and westerly sites (Fig. 4.3) because of the pinnacle fields 

and steeper slopes in the southern and north-western tips, and the large distance from roads in the south-

western tip. Sites situated on the central plateau are easier to survey, except in pinnacle fields.  

SELECTION OF SURVEY SITES  

When considering the smaller budget (25% of the total cost to survey the whole island) sites selected 

by the knapsack algorithm, by the greedy algorithm and by likelihood to contain super-colonies were 

very similar (see Fig. S.4.3 (a) i-iii for a map of selected sites). The knapsack and the greedy algorithm 

resulted in slightly more sites chosen around the edges of the island than when sites were prioritised 

based on likelihood to contain super-colonies. This similarity in site selection across the three survey 

designs stems from little variation in survey cost across sites (see Fig. S.4.2 for spread of survey cost) 

compared with the spread of probability of occurrence of super-colonies across sites.  

Under the scenario that ignored travel time (i.e. the so called ‘rescaled cost scenario’, with greater 

relative differences in survey costs among sites than the so called ‘real cost scenario’), the knapsack 

and greedy algorithm again selected similar sites (Fig. S.4.3 (b) i-ii). However, in this case there was a 

substantial difference between sites selected by the cost-efficiency algorithms (knapsack + greedy) and 

sites prioritised based on likelihood to contain super-colonies (Fig. S.4.3 (b) iii). The latter selected 

more sites around the edges of the island than the knapsack and greedy algorithms.  

PERFORMANCE OF ALTERNATIVE SURVEY STRATEGIES  

Surveying sites based on the knapsack algorithm, greedy algorithm and likelihood of finding super-

colonies performed similarly on average for all three budgets considered (Fig. 4.4 a-c, i-iii). Expert 

opinion found fewer super-colonies (Fig. 4.4 a-c, iv), whereas surveying evenly and randomly across 

the island (Fig. 4.4 a-c, v-vi) yielded the worst results. When costs were re-scaled (no travel time), the 

knapsack algorithm and greedy algorithm outperformed the other survey strategies (Fig. 4.4 d-f, i-ii). 

Even though the predictive performance of the habitat suitability model used in survey design strategies 

(i), (ii) and (iii) suggested that the probability of super-colony occurrence was not predicted perfectly 

(AUC = 0.70 ± 0.02), those survey design strategies were still outperforming the alternative ones. 

Relative performance of the optimal survey design strategies increased with decreasing budget.  
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The fact that the model was trained with eight different datasets (each time excluding a different year 

for testing the different survey design strategies) resulted in each site being associated with eight 

different rewards. Survey costs remained the same across years. Therefore, sites selected under survey 

strategy (1), (2) and (3) slightly varied across years. In addition, performance of the alternative survey 

strategies varied across years, due to independent datasets of super-colony occurrence being used for 

evaluation. Hence, uncertainty around performance estimates of the alternative survey design strategies 

stems from two sources. 

 

Figure 4.2. Mapped probability of super-colony occurrence derived from a habitat suitability model 
trained with a multi-year dataset, excluding 2015 at 100 x 100 m resolution (a) and standard error (b).  

(a) (b) 
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Figure 4.3. Estimated survey costs (left) and rescaled survey cost (right) in minutes for each survey 
site. Estimates are a function of distance from nearest road, whether the site is situated in a pinnacle 
field, whether vegetation is open or closed and slope.  
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Figure 4.4. Average proportion and 95% CI of super-colonies found across the multi-year datasets for 
three different budgets: 25% (a, d), 50% (b, e) and 75% (c, f) of the cost of surveying the whole island. 
In a-c actual survey costs were used; d-f show results for a hypothetical scenario of survey costs 
(obtained by subtracting an offset). From left to right, sites were chosen based on (i) knapsack algorithm, 
(ii) ranked efficiency, (iii) ranked reward, (iv) expert opinion, (v) uniform distribution across the island, 
(vi) random selection.  
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Table 4.3. AIC values for top candidate models trained with the multi-year dataset excluding 2015. 

Model  AIC DAIC 

p(elevation, road, vegetation, geology, year) 3245.0  

p(elevation, road, vegetation, year) 3267.3 22.3 

p(elevation, vegetation, geology, year) 3276.3 9.0 

p(elevation, road, geology, year) 3281.4 5.1 

   

Table 4.4. Summary of model fit trained with the multi-year dataset excluding 2015.  

Variable Mean coefficient ± SE  Pr( > |z|)  

Geology limestone  0  

Geology phosphate 0.44 ± 0.17 0.0109 

Geology other  0.75 ± 0.15 2.87e-07 

Distance from nearest road 0.25 ± 0.04 5.27e-09 

Elevation -0.48 ± 0.06  < 2e-16 

Tall closed forest, deep soil phase 0  

Closed forest, shallow soil phase -0.17 ± 0.19 0.3686 

Closed forest, screen/pinnacle phase -0.14 ± 0.20 0.4618 

Open forest and vine woodland -0.16 ± 0.40 0.6820 

Closed forest, freshwater seepage -0.10 ± 1.13 0.9312 

Heath, shrubland and low closed woodland -0.49 ± 0.53 0.3621 

Natural and planted revegetation  -1.34 ± 0.23 8.64e-09 

2001 0  

2003 -2.19 ± 0.21 < 2e-16 

2005 -1.69 ± 0.18 < 2e-16 

2007 -1.26 ± 0.16 9.38e-16 

2009 -1.33 ± 0.16 < 2e-16 

2011 -1.26 ± 0.15 < 2e-16 

2013 -1.41 ± 0.16 < 2e-16 
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Discussion  

In this study, I empirically validated the performance of a habitat suitability model based cost-efficiency 

algorithm, for invasive species surveys. Using the highly destructive YCA super-colonies on Christmas 

Island as an example, I illustrated how these algorithms outperform methods that ignore cost, use only 

expert opinion, or select sites uniformly/randomly. I showed that prioritising survey effort by 

accounting for the cost of visiting sites as well as the probability of finding YCA at sites resulted in 

more cost-efficient allocation of resources. This highlights the importance of accounting for (spatial) 

variation in survey cost as well as benefit across space, particularly when the available budget is small. 

As conservation resources are always scarce, it is of paramount importance to identify ways to make 

invasive species surveys as cost-efficient as possible.  

The benefit of prioritising based on the knapsack or greedy algorithms increased as the budget 

decreased. With a larger budget, more sites could be visited and the chance to go to the right sites (the 

ones containing the invasive species) by chance was higher. When the available budget only allowed to 

visit few sites, it became more important to have a good understanding of the spatial distribution of the 

infestation, as it was less likely to discover it by chance. This is important, not only because budget cuts 

are expected on Christmas Island, but also, because in general it is common that conservation resources 

are limited and decisions on how to prioritise will have to be made.  

In my case study, both cost-efficiency algorithms (knapsack and greedy) performed equally well, 

suggesting that I could use greedy algorithms as efficient approximations for the (computationally 

demanding) knapsack algorithm. However, in some cases, the greedy algorithm might be inferior to the 

knapsack algorithm. This would be the case when cost-efficiency values of sites (i.e. their reward versus 

cost value) show a multimodal distribution. In that case, the knapsack algorithm (which runs through 

all possible site combinations) might select a different group of sites than the greedy algorithm. That 

would be the case, for example, when a selection of sites, individually characterised by low cost-

efficiency values, resulted in a total cost-efficiency value that consumed, but not exceeded, the available 

budget. The greedy algorithm would, in that case, select top sites and include those sites until the total 

survey cost of selected sites exhausts the available budget. Hence, the overall performance in terms of 
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finding super-colonies could be substantially lower when sites were selected in decreasing order of cost-

efficiency, than when running through all possible site combinations. Alternatively, algorithms such as 

the orienteering problem (e.g. Vansteenwegen, Souffriau & Oudheusden 2011) and/or the traveling 

salesman problem (e.g. Renaud & Boctor 1998) could be explored in their potential to optimise invasive 

species surveys. These algorithms not only consider reward values at sites, but also take into account 

the cost of traveling the path in between sites.  

Not only do cost-efficiency algorithms performed relatively better with smaller budget, they also proved 

to be superior to the tested alternative survey designs when there was large (spatial) variation in survey 

cost among sites. When the survey cost among sites across the island was highly variable, cost-

efficiency algorithms performed substantially better than the survey that selected sites based on the 

model only (which ignored cost) (see Fig. 4.4, bottom panel (highly variable cost) versus top panel 

(similar cost across sites)). In this case, taking into account travel time from the roads to the survey sites 

(Fig. 4.4 top panel), resulted in cost-efficiency and model based survey designs performing similarly 

well. This is because, under that scenario, ranking sites in decreasing order of cost-efficiency and 

ranking sites in decreasing order of reward (based on the habitat suitability model only) would result in 

the same sites being picked. However, when I did not consider travel cost from the road, sites were 

ranked in a slightly different order, resulting in an increase in relative performance of cost-efficiency 

methods. Therefore, including travel cost changed site prioritisations and influenced the optimisation. 

Hence, careful thought is required in considering the actual costs of surveying sites. Sites located further 

from the roads will be included less in the optimisation when one accounts for accurate costs. 

Considering the cost, particularly the logistics of monitoring and management, are increasingly being 

accounted for, and often have a strong influence on cost-effective decision making (e.g. Cook et al. 

2017, Dee et al. 2017, Helmstedt & Possingham 2016, Iftekar et al. 2017). 

In addition to being driven by cost estimates, the performance of cost-efficiency algorithms also 

depended on the accuracy of reward estimates. As reward estimates are scores obtained from predictions 

from a habitat suitability model, the quality of the optimisation will be determined by the model’s 

accuracy and its predictive performance. In this case, I used a simple generalised linear model to predict 

occurrence of YCA super-colonies across all sites. The most important variable driving super-colony 
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occurrence was elevation (negatively correlated with super-colony occurrence, probably due to its 

positive correlation with shallow soil depth, water stressed vegetation and therefore higher 

susceptibility to scale insects, which is believed to be the main driver of super-colony formation). Since 

the spatially stratified design of the biennial island wide survey resulted in super-colony data collected 

across the entire elevation gradient, predictions of super-colony occurrence across the island were 

accurate. Hence, surveys based on site prioritisations done using predictions of the habitat suitability 

model, performed well in finding super-colonies. The relatively large difference in AIC values between 

the best and alternative habitat models showed how well the top model represented the factors driving 

super-colony ocurrence. Running the optimisation with alternative models would change the scores and 

therefore the ranking of sites.  

It is possible that my habitat suitability model may not reflect the true distribution of YCA due to 

imperfect detection (Lahoz-Monfort, Guillera-Arroita & Wintle 2014). The fact that super-colonies 

cover sites heterogeneously and the survey method only samples sites partially, results in imperfect, yet 

constant, detection across sites. Detectability is mainly driven by the chance that a super-colony 

intersects a transect during the island wide survey. If detectability would vary between sites and/or 

depend on environmental variables, or vary over time, this would have to be taken into account when 

fitting the model and interpreting the quantity that is estimated (Lahoz-Monfort, Guillera-Arroita & 

Wintle 2014, Moore, McCarthy & Lecomte 2016, Hauser & McCarthy 2009). 

Because the first survey was done in 2001, a large dataset was available, with extensive spatial and 

temporal replication. However, in other situations, one might not be so privileged and it might be 

necessary to switch between approaches as data become available. In that case, switching to expert 

opinion would be a reliable substitute for the model-based survey designs. Experts on Christmas Island, 

though, have an excellent mental model of what is driving super-colony occurrence, as they collected 

the data and observed first hand which areas are more likely to be infested. It is to be expected that 

relative performance of both survey design strategies will often be similar, as the information obtained 

via expert opinion feeds into the model based strategies.   
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Currently, reward estimates are defined as the predicted probability of super-colony occurrence at each 

of the sites. These predictions emerge from a static model, where occurrence is exclusively related to 

environmental predictors. However, this approach can be extended by incorporating spatial spread 

dynamics of super-colonies. This would provide each site on the island not only with reward estimates 

obtained from a static habitat suitability model, but also with values representing the chance to be 

occupied by super-colonies as a result from spatial expansion of existing super-colonies. Points that are 

predicted to have a high likelihood to contain super-colonies will then not necessarily be points with a 

high chance to be colonised from a spread dynamics perspective. Using these so called ‘hybrid’ models, 

which combine the static and dynamic approach (e.g. Buchadas et al. 2017, Baxter & Possingham 2011, 

Richter et al. 2013), would alter the reward values in the optimisation by predicting how the distribution 

of YCA changes due to colonisation and establishment. Incorporating these values into the optimisation 

could potentially increase its accuracy and therefore increase relative performance of model-based 

survey methods. Yet, modelling the mechanisms of spread and establishment is challenging and beyond 

the scope of my work.  

Considering ecological benefits (such as protecting areas with a large aggregation of red crabs) would 

not necessarily improve the performance of model based methods (as they are only evaluated based on 

their potential of finding super-colonies), but would increase the utility of the optimisation method. 

Adding such estimates would provide higher importance to areas of high conservation concern. 

Combining the likelihood estimates of being occupied by super-colonies with estimates representing 

conservation significance of sites, might result in different site prioritisations than simply focusing on 

the probability of occupancy (see e.g. Gilljohann et al. 2011, Hauser & McCarthy 2009 for examples 

of including conservation benefits). To include such measures, a map of red crab distribution (or any 

other species of conservation concern) would be required, but was beyond the scope of this chapter. 

Cost estimates only account for survey time (and in some cases travel time) and could be extended to 

incorporate a wide range of additional costs, such as the cost of eradication. In that case, the trade-off 

between monitoring and management of super-colonies has to be considered, since including the 

management cost would decrease the total budget available for monitoring. This would imply that fewer 

sites can be surveyed, which makes the algorithm more important than expert opinion. Other important 
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questions are; (1) how many sites should I optimally target each year, (2) what is the optimal resource 

allocation between survey strategies, and (3) when resources need to be divided between different 

aspects of the conservation program (e.g. managing and monitoring), how do alternative resource 

allocations affect the persistence of an invasive species population. Monitoring more sites intuitively 

will result in better distribution models. However, when resources need to be shared with management, 

spending more on monitoring inevitably leads to fewer resources for the actual management. Future 

research could compare the long-term benefits of monitoring for mapping super-colonies for immediate 

eradication as opposed to monitoring to improve a distribution model which results in more accurate 

future management (similar to Baxter & Possingham (2011), but with an underlying statistical model 

instead of updating AUC).  

In this chapter, I evaluated the performance of a habitat suitability model based cost-efficiency 

algorithm in its ability to find super-colonies of an invasive species on Christmas Island.  I showed that 

this optimisation method outperformed the other methods in terms of detecting YCA, especially when 

budget is greatly reduced and the cost to survey sites varied substantially. However, results of the 

optimisation depended on the accuracy of both the rewards and costs at each site, each of which were 

subject to uncertainty. While I optimised the survey for YCA super-colonies on Christmas Island, this 

approach can be applied to any invasive species, provided a cost and reward is specified at each site. 

Given conservation resources are often limited, it is important that managers adopt approaches such as 

this to maximise cost-efficiency, particularly in conservation management, where wasting resources 

might result in losing vulnerable species forever.   

 

 

 

 

 

 



CHAPTER 4                                                       THE KNAPSACK ALGORITHM TO OPTIMISE SURVEYS FOR INVASIVE SPECIES 
 

96 
 

References 

Abbott, K.L. & Green, P.T. (2007) Collapse of an ant-scale mutualism in a rainforest on Christmas 
Island. Oikos, 116, 1238-1246. 

 
Addison, P.F.E., Rumpff, L., Bau, S.S., Carey, J.M., Chee, Y.E., Jarrad, F.C., McBride, M.F., Burgman, 

M.A. & Yemshanov, D. (2013) Practical solutions for making models indispensable in 
conservation decision-making. Diversity and Distributions, 19, 490-502. 

 
Alemu, I.J. (2016) The status and management of the lionfish, Pterois sp. in Trinidad and Tobago. Mar 

Pollut Bull, 109, 402-408. 
 
Ballew, N.G., Bacheler, N.M., Kellison, G.T. & Schueller, A.M. (2016) Invasive lionfish reduce native 

fish abundance on a regional scale. Sci Rep, 6, 32169. 
 
Beeton, B., A. Burbidge, G. Grigg, P. Harrison, R. How, B. Humphreys, N. McKenzie, and J. 

Woinarski. 2010. Final report of the Christmas Island expert working group to the Minister 
for Environment Protection, Heritage and the Arts. DEWHA, Canberra. 
https://www.environment.gov.au/system/files/resources/f8b7f521-0c69-4093-bf22-
22baa4de495a/files/final-report.pdf. 

 
Bogich, T.L., Liebhold, A.M. & Shea, K. (2008) To sample or eradicate? A cost minimization model 

for monitoring and managing an invasive species. Journal of Applied Ecology, 45, 1134-1142. 
 
Boland, C.R.J., Smith, M.J., Maple, D., Tiernan, B., Barr, R., Reeves, R. & Napier, F. (2011) Heli-

baiting using low concentration fipronil to control invasive yellow crazy ant supercolonies on 
Christmas Island, Indian Ocean. Island invasives: eradication and management. (eds C.R. 
Veitch, M.N. Clout & D.R. Towns), pp. 152-156. IUCN, Gland, Switserland. 

 
Bonneau, M., Johnson, F.A. & Romagosa, C.M. (2016) Spatially explicit control of invasive species 

using a reaction–diffusion model. Ecological Modelling, 337, 15-24. 
 
Cook, C.N., Pullin, A.S., Sutherland, W.J., Stewart, G.B. & Carrasco, L.R. (2017) Considering cost 

alongside the effectiveness of management in evidence-based conservation: A systematic 
reporting protocol. Biological Conservation, 209, 508-516. 

 
Davis, N.E., O'Dowd, D.J., Mac Nally, R. & Green, P.T. (2010) Invasive ants disrupt frugivory by 

endemic island birds. Biology Letters, 6, 85-88. 

Dee, L.E., De Lara, M., Costello, C. & Gaines, S.D. (2017) To what extent can ecosystem services 
motivate protecting biodiversity? Ecology Letters, 20, 935-946. 

 
Dodd, A.J., Ainsworth, N., Hauser, C.E., Burgman, M.A. & McCarthy, M.A. (2016) Prioritizing plant 

eradication targets by re-framing the project prioritization protocol (PPP) for use in biosecurity 
applications. Biological Invasions, 19, 859-873. 

 



CHAPTER 4                                                       THE KNAPSACK ALGORITHM TO OPTIMISE SURVEYS FOR INVASIVE SPECIES 
 

97 
 

Dorcas, M.E., Willson, J.D., Reed, R.N., Snow, R.W., Rochford, M.R., Miller, M.A., Meshaka, W.E., 
Andreadis, P.T., Mazzotti, F.J., Romagosa, C.M. & Hart, K.M. (2012) Several mmmal declines 
coincide with proliferation of invasive Burmese pythons in Everglades National Park 
Proceedings of the National Academy of Sciences of the United States of America, 109, 2418-
2422. 

 
Dormann, C.F., Elith, J., Bacher, S., Buchmann, C., Carl, G., Carré, G., Marquéz, J.R.G., Gruber, B., 

Lafourcade, B., Leitão, P.J., Münkemüller, T., McClean, C., Osborne, P.E., Reineking, B., 
Schröder, B., Skidmore, A.K., Zurell, D. & Lautenbach, S. (2013) Collinearity: a review of 
methods to deal with it and a simulation study evaluating their performance. Ecography, 36, 
27-46. 

 
Elith, J. & Leathwick, J.R. (2009) Species Distribution Models: Ecological Explanation and Prediction 

Across Space and Time. Annual Review of Ecology Evolution and Systematics, pp. 677-697. 
Annual Reviews, Palo Alto. 

 
Giljohann, K.M., Hauser, C.E., Williams, N.S.G. & Moore, J.L. (2011) Optimizing invasive species 

control across space: willow invasion management in the Australian Alps. Journal of Applied 
Ecology, 48, 1286-1294. 

 
Green, P.T., O'Dowd, D.J., Abbott, K.L., Jeffery, M., Retallick, K. & Mac Nally, R. (2011) Invasional 

meltdown: Invader-invader mutualism facilitates a secondary invasion. Ecology, 92, 1758-
1768. 

 
Guillera-Arroita, G., Hauser, C.E. & McCarthy, M.A. (2014) Optimal surveillance strategy for invasive 

species management when surveys stop after detection. Ecol Evol, 4, 1751-1760. 
 
Guillera-Arroita, G., Lahoz-Monfort, J.J., Elith, J., Gordon, A., Kujala, H., Lentini, P.E., McCarthy, 

M.A., Tingley, R. & Wintle, B.A. (2015) Is my species distribution model fit for purpose? 
Matching data and models to applications. Global Ecology and Biogeography, 24, 276-292. 

 
Guillera-Arroita, G., Ridout, M.S. & Morgan, B.J.T. (2010) Design of occupancy studies with imperfect 

detection. Methods in Ecology and Evolution, 1, 131-139. 
 
Guisan, A., Tingley, R., Baumgartner, J.B., Naujokaitis-Lewis, I., Sutcliffe, P.R., Tulloch, A.I., Regan, 

T.J., Brotons, L., McDonald-Madden, E., Mantyka-Pringle, C., Martin, T.G., Rhodes, J.R., 
Maggini, R., Setterfield, S.A., Elith, J., Schwartz, M.W., Wintle, B.A., Broennimann, O., 
Austin, M., Ferrier, S., Kearney, M.R., Possingham, H.P. & Buckley, Y.M. (2013) Predicting 
species distributions for conservation decisions. Ecol Lett, 16, 1424-1435. 

 
Hajkowicz, S., Spencer, R., Higgins, A. & Marinoni, O. (2008) Evaluating water quality investments 

using cost utility analysis. J Environ Manage, 88, 1601-1610. 
 
Hauser, C.E. & McCarthy, M.A. (2009) Streamlining 'search and destroy': cost-effective surveillance 

for invasive species management. Ecology Letters, 12, 683-692. 
 
Helmstedt, K.J. & Possingham, H.P. (2017) Costs are key when reintroducing threatened species to 

multiple release sites. Animal Conservation, 20, 331-340. 

 



CHAPTER 4                                                       THE KNAPSACK ALGORITHM TO OPTIMISE SURVEYS FOR INVASIVE SPECIES 
 

98 
 

Horowitz (1998) Fundamentals Of Computer Algorithms. Computer Science Press.   
 
Iftekhar, M.S., Polyakov, M., Ansell, D., Gibson, F. & Kay, G.M. (2017) How economics can further 

the success of ecological restoration. Conservation Biology, 31, 261-268. 

 
Joseph, L.N., Maloney, R.F. & Possingham, H.P. (2009) Optimal Allocation of Resources among 

Threatened Species: a Project Prioritization Protocol. Conservation Biology, 23, 328-338. 
 
Kellerer, H., Pferschy, U. & Pisinger, D. (2004) Knapsack Problems. Springer. 
 
Kovacs, K.F., Haight, R.G., Liebhold, A.M., McCullough, D.R., Mercador, R.J. & Siegert, N.W. (2010) 

Cost of potential Emerald ash borer damage in U.S. communities, 2009-2019. 2010 
Proceedings Symposium on Ash in North America. 

 
Lahoz-Monfort, J.J., Guillera-Arroita, G. & Wintle, B.A. (2014) Imperfect detection impacts the 

performance of species distribution models. Global Ecology and Biogeography, 23, 504-515. 

 
Lodge, D.M., Williams, S., MacIsaac, H.J., R., H.K., Leung, B., Reichard, S., Mack, R.N., Moyle, P.B., 

Smith, M., Andow, D.A., Carlton, J.T. & A., M. (2006) Biological invasions: 
Recommendations for U.S. policy and management Ecological Applications, 16, 2035-2054. 

 
Mack, R.N. (2000) Biotic invasions: causes, epidemiology, global consequences, and control 

Ecological Applications, 10, 689-710. 
 
Marinoni, O., Heyenga, S., Brigden, A., Archer, A. & Higgins, A. (2011) Spending Environmental 

Expenditure More Effectively: A Case Study from Brisbane, Australia. Environmental 
Modeling & Assessment, 17, 315-324. 

 
Martello, S. & Toth, P. (1990) Knapsack Problems. Algorithms and Computer Implementations John 

Wiley & Sons. 
 
Martin, T.G., Nally, S., Burbidge, A.A., Arnall, S., Garnett, S.T., Hayward, M.W., Lumsden, L.F., 

Menkhorst, P., McDonald-Madden, E. & Possingham, H.P. (2012) Acting fast helps avoid 
extinction. Conservation Letters, 5, 274-280. 

 
Mehta, S.V., Haight, R.G., Homans, F.R., Polasky, S. & Venette, R.C. (2007) Optimal detection and 

control strategies for invasive species management. Ecological Economics, 61, 237-245. 
 
Messer, K.D., Kecinski, M., Tang, X. & Hirsh, R.H. (2016) Multiple-Knapsack Optimization in Land 

Conseration: Results from the First Cost-Effective Conservation Program in the United States 
Land Economics, 92, 117-130. 

 
Moore, A.L., McCarthy, M.A. & Lecomte, N. (2016) Optimizing ecological survey effort over space 

and time. Methods in Ecology and Evolution, 7, 891-899. 
 
O'Dowd, D.J., Green, P.T. & Lake, P.S. (2003) Invasional 'meltdown' on an oceanic island. Ecology 

Letters, 6, 812-817. 
 



CHAPTER 4                                                       THE KNAPSACK ALGORITHM TO OPTIMISE SURVEYS FOR INVASIVE SPECIES 
 

99 
 

Olson, L.J. (2006) The Economics of Terrestrial Invasive Species: A Review of the Literature 
Agricultural and Resource Economics Review, 35, 178-194. 

 
Panetta, F.D. (2009) Weed Eradication-An Economic Perspective. Invasive Plant Science and 

Management, 2, 360-368. 
 
Papadimitriou, C.H. & Steiglitz, K. (1982) Combinatorial Optimization: Algorithms and Complexity 

Dover Publications, INC. 
 
Piazzi, L., Ceccherelli, G. & Cinelli, F. (2001) Threat to macroalgal diversity: effects of the introduced 

green alga Caulerpa racemosa in the Mediterranean Marine Ecology Progress Series, 210, 149-
159. 

 
Pimentel, D., Lach, L., Zuniga, R. & Morrison, D. (2000) Environmental and Economic Costs of 

Nonindigenous Species in the United States Bioscience, 50, 53. 
 
Pusack, T.J., Benkwitt, C.E., Cure, K. & Kindinger, T.L. (2016) Invasive Red Lionfish (Pterois 

volitans) grow faster in the Atlantic Ocean than in their native Pacific range. Environmental 
Biology of Fishes, 99, 571-579. 

 
Pyšek, P. & Richardson, D.M. (2010) Invasive Species, Environmental Change and Management, and 

Health. Annual Review of Environment and Resources, 35, 25-55. 
 
Quinn, G.P. & Keough, M.J. (2005) Experimental Design and Data Analysis for Biologists. 
 
Renaud, J. & Boctor, F.F. (1998) An efficient composite heuristic for the symmetric generalized 

traveling salesman problem. European Journal of Operational Research, 108, 571-584. 
 
Schmidt, D., Spring, D., Mac Nally, R., Thomson, J.R., Brook, B.W., Cacho, O. & McKenzie, M. 

(2010) Finding needles (or ants) in haystacks: predicting locations of invasive organisms to 
inform eradication and containment. Ecological Applications, 20, 1217-1227. 

Smith, M.J., Cogger, B., Tiernan, B., Maple, D., Boland, C.R.J., Napier, F., Detto, T. & Smith, P. (2012) 
An oceanic island reptile community under threat: the decline of reptiles on Christmas Island, 
Indian Ocean. Herpetological Conservation and Biology, 7, 206-218. 

Team, R.C. (2016) R: A Language and Environment for Statistical Computing. R Foundation for 
Statistical Computing, Vienna, Austria. 

Vansteenwegen, P., Souffriau, W. & Oudheusden, D.V. (2011) The orienteering problem: A survey. 
European Journal of Operational Research, 209, 1-10. 

 

 

 

  

 



100 
 

Supplementary Material S.4. 

 

 

Figure S.4.1. Mapped terrain characteristics used to calculate survey cost at each site; (a) distance 
from nearest road (in metres), (b) slope, (c) pinnacles (black areas; pinnacle fields), (d) vegetation 
(green; open, grey; closed).  
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Figure S.4.2. Histograms of the spread of the original survey cost (left) and rescaled survey cost 
(right). 
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Figure S.4.3.a. Sites selected by the different survey strategies ((i) knapsack algorithm, (ii) ranked 
efficiency, (iii) ranked reward, (iv) expert opinion, (v) uniform distribution across the island, (vi) 
random selection.) when only 25% of total budget is available (original cost).  
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Figure S.4.3.b. Sites selected by the different survey strategies ((i) knapsack algorithm, (ii) ranked 
efficiency, (iii) ranked reward, (iv) expert opinion, (v) uniform distribution across the island, (vi) 
random selection.) when only 25% of total budget is available (rescaled cost).  
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PREDICTIVE SUFFICIENCY FOR INVASIVE SPECIES MANAGEMENT  

Abstract 

Optimising resource expenditure is crucial to ensure efficient control and/or eradication in invasive 

species management. Habitat suitability models can help optimise management efforts by predicting 

where invasive species are most likely to occur, and help directing management to those sites. Often, 

budgets need to be shared between invasive species management and monitoring, so it is important to 

understand how alternative budget allocations may affect management performance. I investigated how 

to optimise the search for an invasive, severely damaging colony forming ant (the yellow crazy ant, 

Anoplolepis gracilipes) on Christmas Island (Australia), for subsequent management. I prioritised sites 

for management based on the trade-off between the likelihood of super-colony infestation (obtained 

from a habitat suitability model) and the cost of site management. Training models with an increasing 

amount of monitoring data showed how the search effectiveness for managing super-colonies first 

increased with more data collection, but degraded after a given point, where insufficient budget 

remained for management. In this case, monitoring only a small part of the island (approximately 10% 

of the total number of sites) sufficed to optimise management. Hence, resources currently allocated on 

monitoring the entire island should be redirected towards site management. This emphasises the 

importance of evaluating the required amount of monitoring in the specific management context, as 

opposed to evaluating how more monitoring influences model performance as measured by statistical 

evaluation metrics. Evaluating the required amount of data in the specific management context entails 

that spatial variation in management cost (and not only variation in benefit) is incorporated—something 

that is often neglected. As budgets are often limited, optimising invasive species management is of 

major importance, as wasting limited resources might irreversible damage a vulnerable and unique 

ecosystem.   
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Introduction 

Habitat suitability models have been used extensively in conservation, for example to optimise 

surveillance and management of invasive species (e.g. Fox et al. 2009; Hauser & McCarthy 2009; 

Giljohann et al. 2011; Richter et al. 2013). The specific decision context, along with the type of data 

available, determines which specific quantity can be estimated by the model (Guillera-Arroita et al. 

2015). 

A substantial body of literature focuses on the relationship between data volume and model 

performance, with the latter typically increasing with more data (Moudry & Simova 2012). A wide 

range of statistical metrics exist to evaluate model performance, such as the calibration and 

discrimination capacity of the model (Lawson et al. 2014). However, none of these statistics evaluate 

the impact of data volume on the specific management decision. 

It is expected that an increase in the amount of data and downstream model performance, would lead to 

a more informed decision and improved management. However, this is not necessarily the case, as often 

there is a trade-off between data collection and on-ground management (Wintle in Legge et al. 2018, 

pg. 211). When the budget needs to be allocated across these two aspects, it is important to quantify the 

improvement that more data brings (McDonald-Madden et al. 2010). Enhanced model performance 

results in better management provided that improved performance is cost-effective. Therefore, the best 

model for management will be the one that generates useful predictions without unnecessary costs. As 

budget is often scarce, increasing the expenditure on data collection can potentially exhaust the budget 

for management, resulting in worse outcomes. Therefore, quantifying the improvement in management 

with increased knowledge, and identifying the point at which management no longer improves with 

better model performance, is crucial. 

One of the very few studies that looked into this problem (Baxter & Possingham 2011), examined 

whether the benefit of improving the discrimination capacity of a habitat suitability model outweighs 

the cost of delaying management of an invasive ant (red imported fire ant, Solenopsis invicta). They 

traded-off the actual management of the infestation against knowledge gain about the ant’s distribution 

to improve future searches (and hence better management) using stochastic dynamic programming. 
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When a time step was devoted to learning, they updated AUC, which resulted in more accurate 

knowledge about whether the optimal action was widespread or focused search. The benefit of delaying 

management in favour of improved discrimination capacity of the model outweighed the cost when 

knowledge about habitat suitability is poor and the management timeframe is large. In their study, the 

relationship between improved discrimination ability and extra data was derived heuristically rather 

than via an underlying statistical model. Furthermore, they assumed equal management costs across all 

sites rather than accounting for spatial variation. Explicitly considering variation in cost when 

prioritising management actions significantly improves conservation outcomes (Bode et al. 2008, 

Chapter 4 of this thesis; Cook et al. 2017). 

In this study, I use an invasive species surveillance case, to introduce the concept of predictive 

sufficiency, or the data volume used to train a habitat suitability model that leads to optimal 

management. I use the case of the highly invasive super-colony forming yellow crazy ant (Anoplolepis 

gracilipes), hereafter referred to as YCA, on the Australian territory of Christmas Island to illustrate 

data sufficiency in an invasive species management context. I then compare predictive sufficiency with 

model performance, using a commonly used statistical performance metric, AUC. Based on these 

outcomes, I determine whether expenditure on data collection is recommended and when resources 

should be redirected towards management.  

Using the knapsack algorithm, introduced in Chapter 4, I prioritise sites for management. The knapsack 

approach provides an optimal allocation of management effort, assuming that the information about 

YCA super-colony occurrence is a good representation of the truth and spatially explicit cost estimates 

are available (Chapter 4 of this thesis). In Chapter 4, I considered all survey data (collected during the 

island wide survey) being available for model construction. As the biennial island-wide survey requires 

considerable resources, it is possible that reduced survey effort might still provide useful information 

about where to manage YCA super-colonies. In that case, the monitoring money saved can be re-

allocated towards extra management. This case study illustrates the commonly encountered trade-off 

between additional data collection that would better inform where to manage versus conducting fewer 

surveys but having more resources available for management. 
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Methods 

 

Figure 5.1. Map of Christmas Island situated in the Indian Ocean.  

Figure 5.2. Workflow from monitoring an increasing percentage of the island to sites prioritised by the 

knapsack algorithm.  
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STUDY SITE AND SPECIES  

Christmas Island is an Australian territory in the Indian Ocean, approximately 400 km south of Java 

(Indonesia) and 2000 km north-west of Broome (Australia) (Fig. 5.1). It is characterised by high 

biodiversity and a large number of endemic species, such as the iconic red crab (Gecarcoidea natalis). 

The arrival of settlers in the late 19th century resulted in the introduction of non-native species to the 

island, most of which did not establish a sustainable population. However, several species that managed 

to thrive in their new environment, such as the giant centipede (Scolopendra morsitans), wolf snake 

(Lycodon aulicus capucinus) and feral cats (Felis catus) have severely harmed the ecosystem (Beeton 

et al. 2010).  

One of the invasive species introduced in the early 20th century responsible for damaging the entire 

island ecosystem, is the yellow crazy ant (Director of National Parks 2014). Initially, the ants did not 

cause any harm until in late 20th century varies species of scale insects were accidentally introduced to 

the island. The YCA established a mutualistic relationship with the scale insects, resulting in the ants 

forming high density super-colonies. Super-colonies can grow to contain up to billions of ants and 

spread across several hectares, threatening many other species on the island, including the iconic red 

crabs (Gecarcoidea natalis). Red crabs are important forest ecosystem-engineers, foraging on leaf litter 

and seedlings and oxygenating the soil when burrowing. By causing declines in the red crab population, 

YCA super-colonies have therefore led to the deteriorating health of the forest ecosystem (Beeton et al. 

2010). Impacted forests are characterised by a thick understory and are subject to a secondary invasion 

of the land snail (Achatina fulica), although with little impact on litter and seedling dynamics 

(O'Loughlin & Green 2017). Given the severe ecosystem degradation and the high number of threatened 

endemic species impacted, the entire island is of major conservation concern to the Australian 

government (Director of National Parks 2014).  

ISLAND WIDE SURVEY  

Christmas Island National Park staff are targeting the YCA problem by baiting their super-colonies. In 

order to determine where to bait, an island-wide survey is conducted every two years. Approximately 
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1000 sites, evenly distributed across the island, are visited and within each site, a 50m transect 

monitored (Boland et al. 2011). This is used to determine quite accurately where to manage YCA super-

colonies (see Methods section of Chapter 4 for detailed description of the survey and baiting process). 

The entire survey process is time demanding and expensive, consuming a large part of the island’s 

biodiversity management budget. This survey effort has resulted in a dataset containing eight years of 

presence/absence records (collected over 16 years) of YCA super-colonies across approximately 1000 

sites.   

MONITORING TO INFORM A HABITAT SUITABILITY MODEL   

In Chapter 4, I compared alternative approaches for YCA super-colony survey effort allocation. Sites 

were prioritised (among others); (i) based on expert opinion, (ii) likelihood to contain YCA super-

colonies, or (iii) the trade-off between the likelihood to contain YCA super-colonies and the cost to 

survey each site, which I referred to as the ‘knapsack problem’. The latter approach was implemented 

using the knapsack algorithm, but also using an approximation which simply involved ranking sites 

based on the ratio of reward versus cost, i.e. the ratio between expected probability of YCA super-

colony occurrence (as predicted by the model) and survey cost.  

In this Chapter, I fitted habitat suitability models to an increasing amount of presence/absence records 

of YCA super-colonies collected between 2001 and 2013. In the multi-year dataset, I only included 

sites that were surveyed in each year (n = 837). I created training datasets of different size, by starting 

with data collected at eight sites (i.e. obtained from 1% of the island monitored) and incrementally 

increasing the dataset (with 1%) until all sites were monitored. The initial eight sites were uniformly 

distributed across the island and one site was added next to these initial sites with each 1% increase. 

This resulted in 100 datasets, each containing data collected at eight more sites than the previous dataset 

(see Fig. S.5.1 for maps of monitored sites). I trained habitat suitability models with each of the 100 

datasets (containing an increasing volume of records). Based on each of the 100 fitting datasets, I then 

predicted the probability of YCA super-colony occurrence at each site.  

To include temporal variability, I also stratified the data temporally. I created subsets of the full dataset 

by gradually adding years of data. The first subset contained data collected in 2001 and 2003, the second 
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dataset included data from 2005, and so on. This resulted in six datasets, each containing one more year 

of records than the previous one. I ended up with a total of 600 training datasets (given the 100 spatially 

increasing datasets). Average prevalence of YCA super-colonies was ~10% across all datasets. I carried 

out all analysis in R (R Development Team 2016).  

HABITAT SUITABILITY MODEL 

I fitted the same model as in Chapter 4; a logistic regression model relating the YCA super-colony 

presence/absence records to environmental predictors as follows:  

 !"#$%('() = !"# + '(
1 − '(

. = /0 +	/34(3 + ⋯+	/64(6	 (5.1) 

 

where pi is the probability that a super-colony is present at a site i, β0 the intercept term and βj the 

regression coefficient for the effect of the jth  independent predictor variable xij on the probability of 

occupancy of site i. 

Detection of YCA super-colonies is likely to be imperfect (see Chapter 4 for details of the survey 

method). Indeed, inspection of data on repeat visits to a small subset of sites suggested that the 

probability of detection of a super-colony existing at a site might be < 0.5. Without accounting for 

imperfect detection, model predictions do not reflect probability of super-colony presence in absolute 

terms (Guillera-Arroita et al. 2015). However, given the characteristic of the survey method, and the 

fact that surveys were conducted by the same observers under similar conditions, we can assume that 

detection probability will be similar across sites and that therefore the quantity inferred is a good 

measure of the likelihood of super-colony presence even if just in relative terms.  

I identified relevant environmental variables for the ecology and spread of YCA super-colonies on 

Christmas Island, as described in Chapter 4.  

For each of the 600 datasets, I conducted model selection using the dredge-function implemented in R-

package MuMIn. The process started with the global model containing all environmental variables, then 

fitting a model for all possible subsets of predictors and ranking them by Akaike’s information criterion 
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(AIC). I selected the best model (lowest AIC) for each subset of data, resulting in 600 models. I 

evaluated the goodness of fit for each selected model by calculating the percentage of deviance 

explained, and assessed predictive performance using AUC (area under the receiver operating 

characteristic curve) with the held out temporal data as an independent test dataset, using the evaluate-

function in R-package dismo.   

PREDICTED SUPER-COLONY OCCURRENCE  

I predicted probability of YCA super-colony occurrence at each of the 837 sites across the island using 

estimated regression coefficients from each of the 600 model fits and values for environmental variables 

across all sites using the predict-function in R. For the purposes of prediction, when a model included 

year as predictor variable, I considered the test dataset as one time-period earlier, to deal with the 

problem of predicting to a level that was not included in the model. This means that, for example, a 

model that was fitted to the 2011 dataset, predicted to 2013, while assuming the year was 2011.  This 

resulted in 600 values of expected super-colony occurrence at each site. When the level of a categorical 

variable at a site in the testing dataset was absent in the training data (which was the case for small 

datasets; with a small number of sites), I removed this site out of the new dataset.  

MONITORING COST 

The monitoring cost at each site (Ki) was calculated as the time to walk to each site (in minutes) from 

the nearest road and monitor a 50 m transect. The walking time was calculated by multiplying the 

distance by the average walking speed, estimated by park rangers (100 m per minute). After monitoring 

a site, it is assumed that rangers return to the road, instead of walking to a neighbouring site, to simplify 

the analysis. To ensure sufficient variation in cost across the different sites, I subtracted fifteen minutes 

from the actual time to monitor each site (as described and discussed in detail in Chapter 4), and referred 

to this cost as the rescaled cost.  

COST OF VISITING SITES FOR MANAGEMENT   

The cost to visit a site for management (Ci) was calculated similar to the monitoring cost (Ki) and is the 

sum of the time to walk (in minutes) from the nearest road to a site and manage a 50 m transect (Table 
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4.2 in Chapter 4). Similar to monitoring costs, I also subtracted fifteen minutes from the time to visit 

each site for management, and ran the analysis with rescaled cost.  

OPTIMISATION 

Sites were prioritised for management in decreasing order of expected efficiency, therefore following 

the knapsack approach described in Chapter 4. The top n sites were selected for management, with n 

such that the total annual budget available for management (M) was not exceeded. Therefore:  

 e1  ≥ e2 ≥ … en   

 

subject to ∑ 8( ≤ :		;
(<3  

 

(5.2)  

 

where ei is the efficiency at site i, that is, the ratio between the benefit of visiting the site for management 

(Bi, here, the likelihood of super-colony presence, as predicted by the corresponding habitat model) and 

cost of visiting sites for management (Ci).  

When the null model (no variation in probability of YCA super-colonies among sites) was chosen as 

the best fit for a particular subset (which was the case for small datasets), sites were selected by lowest 

cost.  

ANNUAL BUDGET  

I considered a total annual budget (T = 4000 minutes) that (1) could entirely be spent on monitoring, 

and (2) had to be divided between monitoring (for model fitting) and visiting sites (for management). 

Then, I determined the amount of monitoring and the allocation of resources between monitoring and 

management resulting in the best management outcome. I considered management budget (M) as the 

budget remaining after subtracting total monitoring cost (i.e. the cost to monitor a set of N sites) from 

a total annual budget.  

I evaluated the impact of alternative budget allocations on the proportion of YCA super-colonies found 

for management. In the second case, given that the total annual budget is fixed, fewer resources are 

available for management when more is spent on monitoring. 

PERFORMANCE OF VISITING SITES FOR MANAGEMENT AND PREDICTIVE SUFFICIENCY  
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I evaluated performance of the optimisation method when an increasing amount of data was used to fit 

the habitat model, against the proportion of known super-colonies by computing the amount of super-

colonies found for management. Predictive sufficiency was achieved when an increase in the volume 

of the training dataset no longer resulted in an increase of super-colonies found for management.  

Results 

IMPACT OF DATA VOLUME ON MODEL PERFORMANCE (AUC) 

Overall, AUC values increased with increasing size of the training dataset (Fig. 5.3). Discrimination 

capacity of the model was on average worse than random when 1% of the island is monitored (0.402 ± 

0.014). AUC increased up to 0.682 (± 0.018) when data obtained from the entire island were used to 

train the model. Once 20% of the island was monitored, AUC reached an asymptote and adding data to 

the training set only marginally increased AUC. Hence, even with a large amount of data, the probability 

of super-colony occurrence was not predicted perfectly.  

IMPACT OF DATA VOLUME ON MANAGEMENT PERFORMANCE  

When monitoring was cost-free (Fig. 5.4 (a)), there was no trade-off between investing in monitoring 

and management and thus the entire budget could be allocated to visiting sites for management. While 

the ability to predict the occurrence of super-colonies (and therefore management performance) initially 

increased with increasing training dataset size, an optimum was reached between 20% and 30% of the 

island monitored. This optimal amount of monitoring is small compared to the amount of monitoring 

that is currently done in the island wide survey. Variability in management performance with more than 

20% of monitoring can be ascribed to a slightly different selection of sites for management (associated 

with different management cost) obtained from different models.  

Under the more realistic scenario of monitoring being associated with a cost, there is a trade-off between 

budget allocation for monitoring and management. The more resources spent on monitoring to train the 

model, the fewer resources available for super-colony management. The proportion of managed super-

colonies was maximised when less than 10% of the island was monitored (Fig. 5.4 (b)). There was an 
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initial improvement in management as training the model with more data allowed more accurate 

predictions, followed by a gradual decline to zero as monitoring costs exhausted the total budget.  

The following example shows how increased monitoring results in improved management, despite 

fewer resources being available for management. When monitoring is associated with a cost (Fig. 5.4 

(b)) and 1% of the island is monitored, the remaining budget allows management of a maximum of 69% 

of sites. When the model is trained with this amount of monitoring data (i.e. obtained from 1% of the 

island monitored), then 64.4% (± 2.5%) of known super-colonies are found for management using the 

knapsack algorithm for site prioritisation. If sites were picked appropriately, then one would expect that 

the percentage of super-colonies found is equal to or larger than the percentage of sites covered. Thus 

this relatively low number of super-colonies found suggests that model performance is not sufficient to 

accurately direct management to sites likely containing super-colonies. However, monitoring 10% of 

the island, allows for 62% of sites to be visited and 70% (± 2.3%) of super-colonies are found for 

management. Even though the budget remaining for management after monitoring is smaller, more 

super-colonies can be managed, because of more accurate predictions.  

Parks Australia currently monitors 100% of sites of the island, leaving insufficient resources for 

management. However, as monitoring and management are currently undertaken independent from 

each other, excessive monitoring does not exhaust the management budget. Nevertheless, future budget 

cuts require the impact of reduced monitoring efforts to be quantified.    

The variability in management performance when additional temporal data were added to the training 

set (Fig. 5.4 (a, b) light curves) mainly stems from different known super-colony distributions used 

across years to test performance of the method. The results, however, do not differ significantly between 

temporal datasets of increasing size.  
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Table 5.1. Top models (selected based on lowest AIC values) trained with increasing amounts of YCA super-colony presence/absence data (shown here at 10% 
increments), collected between 2001 and 2013, with percentage of deviance explained by the model, mean AUC value and management performance (calculated 
as proportion of super-colonies found for management), when monitoring is cost free and a total budget of 4000 minutes is available. See Table S.5.2 for 
regression coefficients (mean ± SE) for each of these models.  

Data volume 

used to fit HSM 

Top model 

 

% deviance 

explained 

AUC  

(mean ± SE) 

Proportion of super-

colonies found   

(mean ± SE)  

1 p(geology, elevation) 21.74% 0.402 ± 0.014 0.644 ± 0.031 

10 p(geology, elevation, vegetation) 8.88% 0.631 ± 0.011 0.762 ± 0.023 

20 p(geology, elevation, road, year) 13.99% 0.667 ± 0.018 0.792 ± 0.017 

30 p(geology, elevation, vegetation, road, year) 12.95% 0.668 ± 0.014 0.818 ± 0.024 

40 p(geology, elevation, road, year) 11.73% 0.673 ± 0.020 0.780 ± 0.013 

50 p(geology, elevation, road, year) 11.63% 0.673 ± 0.021 0.780 ± 0.015 

60 p(geology, elevation, vegetation, road, year) 12.22% 0.682 ± 0.019 0.800 ± 0.022 

70 p(geology, elevation, vegetation, road, year) 12.62% 0.680 ± 0.019 0.804 ± 0.025 

80 p(geology, elevation, vegetation, road, year) 13.22% 0.681 ± 0.018 0.814 ± 0.025 

90 p(geology, elevation, vegetation, road, year) 13.13% 0.682 ± 0.018 0.804 ± 0.024 

100 p(geology, elevation, vegetation, road, year) 13.08% 0.682 ± 0.018 0.814 ± 0.021 
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Figure 5.3. Model performance measured as AUC for habitat suitability models trained with data 
collected between 2001 and 2013 (dark) and fewer years (light) for gradually increasing datasets (X-
axis; increasing number of sites monitored). Performance was measured using independent data (the 
year that was held out functioned as test dataset).  
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Figure 5.4. Proportion of super-colonies found (for management) when habitat suitability models were 
trained with data collected between 2001 and 2013 (dark) and fewer years (light), for gradually 
increasing datasets (X-axis; increasing percentage of the island monitored). The left panel (a) represents 
the case when monitoring is not associated with a cost (and a budget that can entirely spent on visiting 
sites for management). The right panel (b) represents the case when monitoring is associated with a cost 
(and a budget that need to be shared with management). Total annual budget in both cases is 4000 
minutes. Performance was measured using independent data (the year that was held out functioned as 
test dataset).  

  

Discussion  

Here, I have demonstrated and tested an approach to determine predictive sufficiency, defined as 

sufficient monitoring to support learning about a habitat suitability model to improve management. 

More specifically, I determined the data quantity that leads to sufficient predictive accuracy of the 

model, using the invasive yellow crazy ant super-colonies on Christmas Island as a case study.  

I found that the amount of data resulting in sufficient predictive accuracy for a beneficial management 

outcome was lower than commonly adopted statistical norms (in our case; AUC). This inconsistency in 

data volume resulting in predictive sufficiency and that resulting in satisfying values for statistical 
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evaluation metrics originates from their different approach to evaluating predictions. Predictive 

sufficiency is related to the management objective (here; finding super-colonies for management) and 

only requires accurate predictions of super-colony occurrence at highly ranked sites. Therefore, small 

changes in rank order of low suitability sites may not influence decisions about which sites to prioritise 

the search for super-colonies. In contrast, statistical metrics (such as predictive performance), evaluate 

how well the model performs across all sites (Lawson et al. 2014) and small changes in rank order of 

sites (high, intermediate or low suitability sites), will affect these metrics. Hence, when using a model 

to improve management, it is important to relate sufficiency to the management objective.   

A second factor explaining this inconsistency is the fact that predictive sufficiency accounts for the site 

visit costs and prioritises sites based on the trade-off between their likelihood to contain super-colonies 

and their management costs. In doing so, the most cost-effective sites are selected (based on the 

knapsack algorithm, as described in Chapter 4). Statistical evaluation metrics, however, do not consider 

cost and evaluate the ratio of true versus false presences across a range of thresholds.  

This distinction between predictive sufficiency and predictive performance in a conservation context is 

important as there is often a trade-off between monitoring and management for budget allocation. 

Failing to determine the correct point at which to stop collecting data will inevitably lead to poor 

management. When one stops too early, there will sufficient funds for management, but one will 

allocate them to managing incorrect sites. When one stops too late, there will be insufficient funds for 

management (Regan et al. 2006; Mbah & Gilligan 2010; Chades et al. 2011; Hauser et al. 2016; Rout 

et al. 2017).  

 In the case of YCA super-colonies, the initial gain in knowledge is the most important, as management 

improves most from not knowing anything about the system to obtaining sufficient knowledge (i.e. the 

amount of data that maximises management performance). Gaining additional data beyond this 

threshold does not contribute to better management and instead impedes it. As more resources are spent 

on data collection beyond this threshold, management performance will decrease, as insufficient funds 

are available to implement the actual management. This benefit of initial knowledge gain is consistent 

with the findings of Baxter & Possingham (2011), who examined the related problem of trading off 
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updating AUC against management of an invasive ant, also using a habitat suitability model. They 

found that updating AUC is only beneficial at the start, when discrimination capacity of the model is 

low. As working with limited resources is common in conservation, the need to define predictive 

sufficiency is obvious. 

In the specific context of YCA super-colony management, predictive sufficiency is achieved with 

relatively low rates of monitoring. The generalizability of this method, however, depends on the quality 

of the model and the data stratification process. Christmas Island National Park staff have an accurate 

mental model of the process driving super-colony formation. Therefore it was possible to determine 

relevant predictors in the model, with elevation being the most important variable. In addition, the data 

stratification process was done so that even with small sample size, the key environmental predictor 

was still captured across its entire gradient. For illustrative purposes, I additionally tested a clustered 

sampling approach that resulted in elevation not being sampled across its full range. In that case, a larger 

sample size was required to achieve similar predictive sufficiency. Monitoring key environmental 

variables across their entire gradient is of major importance for the predictive accuracy of the model 

(Elith & Leathwick 2009). 

As the prediction error was small (see Fig. 4.2 (b)), it is likely that the uncertainty will not affect the 

outcome of the optimisation and similar sites would be prioritised for management when uncertainty is 

taken into account (i.e. primarily focusing management on sites around the edges of the island). As a 

consequence, it is likely that the uncertainty will not affect the optimal number of sites to monitor (i.e. 

between 20-30% of all sites on the island in case of cost-free monitoring and approximately 10% of 

sites when budget was shared between monitoring and management). If, however, the prediction error 

was large, management would be targeted at the ‘wrong’ sites (i.e. the ones likely not to contain super-

colonies) and management performance would be lower than current management performance 

estimates. More sites would need to be monitored to level off the amount of super-colonies found (in 

case of cost-free monitoring) or the number of super-colonies found would never achieve values 

equalling the current ones (in case of sharing budget between monitoring and management). 
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Adding temporal data to the training set, did not significantly improve predictive sufficiency. This 

suggests that this approach could be used for future management purposes (and not simply as a 

retrospective illustrative method). However, since we are predicting solely based on the top model 

(instead of averaging over top models), predictions vary slightly when more temporal data are added. 

Averaging across candidate models (Symonds & Moussalli 2011) would reduce this variability and 

make predictions resulting from training sets containing variable amounts of temporal data more 

consistent.  

In this case, monitoring and management are separate processes, and sites are prioritised purely for the 

purpose of eradicating super-colonies. The knapsack algorithm prioritises sites based on cost-efficiency, 

without considering learning about the model. Sites could also be selected with the purpose to learn 

about the model, in which case the model would be updated with information about whether a site was 

occupied or not after it was visited.  

The trade-off in this study solely considers resources being shared between management and monitoring 

without explicitly including ongoing deterioration of the system while monitoring. More realistically, 

one would account for delayed management while updating knowledge and consider the consequences. 

A spread model would be useful in that case (e.g. Buchadas et al. 2017) and predictive accuracy would 

probably shift to fewer data when ongoing deterioration of the system is considered, as delaying 

management for improved knowledge can potentially have a detrimental impact on threatened 

ecosystems (Grantham et al. 2009; Baxter & Possingham 2011; Martin et al. 2012; Lindenmayer, 

Piggott & Wintle 2013). An alternative approach to account for the consequences of missing an 

infestation (either because of inadequate or delayed management) by explicitly modelling spread, is by 

increasing management cost in the future (e.g. Hauser & McCarthy 2009). 

With this study, I have highlighted the importance of evaluating the optimal amount of data collection, 

defined as predictive sufficiency, in an invasive species management context. In the case of the yellow 

crazy ant super-colonies on Christmas Island, where the entire island is 100% monitored every two 

years, this suggests that resources currently spent on monitoring, should be reallocated towards 

management, as soon as a base level of monitoring has been done. This is the first study to my 
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knowledge to show how to compute predictive sufficiency in an invasive species management context. 

As limited resources are ubiquitous in conservation, optimising how to spend them is of major 

importance to the effectiveness of conservation actions.  
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Supplementary Material S.5. 

 

 

Figure S.5.1. Maps of Christmas Island representing an increasing amount of monitoring. Starting 
from 10% of the island monitored (top left) to 100% of the island monitored (bottom right) with 10% 
increments. 
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Table S.5.2. Values for regression coefficients (mean ± SE) of models trained with the YCA super-
colony presence/absence data collected between 2001 and 2013, spatially incrementing with 10%.  

Variable   Mean coefficient ± SE 
Geology limestone 1% 0  
Geology limestone 10% 0  
Geology limestone 20% 0  
Geology limestone 30% 0  
Geology limestone 40% 0 
Geology limestone 50% 0 
Geology limestone 60% 0 
Geology limestone 70% 0 
Geology limestone 80% 0 
Geology limestone 90% 0 
Geology limestone 100% 0 
  
Geology phosphate 1% 5.92 ± 2.62 
Geology phosphate 10% 1.16 ± 0.56 
Geology phosphate 20% 0.78 ± 0.32 
Geology phosphate 30% 0.46 ± 0.31 
Geology phosphate 40% 0.65 ± 0.23 
Geology phosphate 50% 0.70 ± 0.20 
Geology phosphate 60% 0.44 ± 0.21 
Geology phosphate 70% 0.51 ± 0.20 
Geology phosphate 80% 0.39 ± 0.19 
Geology phosphate 90% 0.33 ± 0.18 
Geology phosphate 100% 0.38 ± 0.18 
  
Geology other 1% 1.02 ± 1.38 
Geology other 10% 1.31 ± 0.46 
Geology other 20% 0.78 ± 0.21 
Geology other 30% 0.65 ± 0.26 
Geology other 40% 0.90 ± 0.17 
Geology other 50% 0.90 ± 0.15 
Geology other 60% 0.74 ± 0.19  
Geology other 70% 0.78 ± 0.18  
Geology other 80% 0.73 ± 0.17 
Geology other 90% 0.74 ± 0.16  
Geology other 100% 0.73 ± 0.16 
  
Distance from nearest road 1% 0 
Distance from nearest road 10% 0 
Distance from nearest road 20% 0.37 ± 0.09  
Distance from nearest road 30% 0.26 ± 0.08 
Distance from nearest road 40% 0.31 ± 0.07 
Distance from nearest road 50% 0.29 ± 0.06 
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Distance from nearest road 60% 0.27 ± 0.05 
Distance from nearest road 70% 0.28 ± 0.05 
Distance from nearest road 80% 0.28 ± 0.05 
Distance from nearest road 90% 0.26 ± 0.04 
Distance from nearest road 100% 0.27 ± 0.04 
  
Elevation 1% 2.13 ± 1.18  
Elevation 10% -0.37 ± 0.16  
Elevation 20% -0.49 ± 0.10  
Elevation 30% -0.44 ± 0.09  
Elevation 40% -0.49 ± 0.08  
Elevation 50% -0.50 ± 0.07  
Elevation 60% -0.44 ± 0.08  
Elevation 70% -0.44 ± 0.07  
Elevation 80% -0.49 ± 0.06 
Elevation 90% -0.51 ± 0.06  
Elevation 100% -0.49 ± 0.06 
  
Tall closed forest, deep soil phase 1% 0 
Tall closed forest, deep soil phase 10% 0 
Tall closed forest, deep soil phase 20% 0 
Tall closed forest, deep soil phase 30% 0 
Tall closed forest, deep soil phase 40% 0 
Tall closed forest, deep soil phase 50% 0 
Tall closed forest, deep soil phase 60% 0 
Tall closed forest, deep soil phase 70% 0 
Tall closed forest, deep soil phase 80% 0 
Tall closed forest, deep soil phase 90% 0 
Tall closed forest, deep soil phase 100% 0 
  
Closed forest, shallow soil phase 1% 0 
Closed forest, shallow soil phase 10% -0.45 ± 0.51  
Closed forest, shallow soil phase 20% 0 
Closed forest, shallow soil phase 30% 0.04 ± 0.35  
Closed forest, shallow soil phase 40% 0 
Closed forest, shallow soil phase 50% 0 
Closed forest, shallow soil phase 60% -0.08 ± 0.25  
Closed forest, shallow soil phase 70% -0.12 ± 0.24  
Closed forest, shallow soil phase 80% -0.10 ± 0.22  
Closed forest, shallow soil phase 90% -0.17 ± 0.21  
Closed forest, shallow soil phase 100% -0.14 ± 0.20 
  
Closed forest, screen/pinnacle phase 1% 0 
Closed forest, screen/pinnacle phase 10% 0.04 ± 0.55 
Closed forest, screen/pinnacle phase 20% 0 
Closed forest, screen/pinnacle phase 30% 0.01 ± 0.35  
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Closed forest, screen/pinnacle phase 40% 0 
Closed forest, screen/pinnacle phase 50% 0 
Closed forest, screen/pinnacle phase 60% -0.11 ± 0.25  
Closed forest, screen/pinnacle phase 70% -0.11 ± 0.24 
Closed forest, screen/pinnacle phase 80% -0.07 ± 0.22 
Closed forest, screen/pinnacle phase 90% -0.17 ± 0.22 
Closed forest, screen/pinnacle phase 100% -0.11 ± 0.20 
  
Open forest and vine woodland 1% 0 
Open forest and vine woodland 10% 2.20 ± 0.92  
Open forest and vine woodland 20% 0 
Open forest and vine woodland 30% 0.17 ± 0.58 
Open forest and vine woodland 40% 0 
Open forest and vine woodland 50% 0 
Open forest and vine woodland 60% 0.03 ± 0.44  
Open forest and vine woodland 70% -0.09 ± 0.43  
Open forest and vine woodland 80% -0.13 ± 0.42  
Open forest and vine woodland 90% -0.20 ± 0.42  
Open forest and vine woodland 100% -0.20 ± 0.40 
  
Closed forest, freshwater seepage 1% 0 
Closed forest, freshwater seepage 10% 0 
Closed forest, freshwater seepage 20% 0 
Closed forest, freshwater seepage 30% 0 
Closed forest, freshwater seepage 40% 0 
Closed forest, freshwater seepage 50% 0 
Closed forest, freshwater seepage 60% -0.05 ± 1.13 
Closed forest, freshwater seepage 70% -0.06 ± 1.13 
Closed forest, freshwater seepage 80% -0.11 ± 1.13 
Closed forest, freshwater seepage 90% -0.19 ± 1.13 
Closed forest, freshwater seepage 100% -0.13 ± 1.13 
  
Heath, shrubland and low closed woodland 1% 0 
Heath, shrubland and low closed woodland 10% 0 
Heath, shrubland and low closed woodland 20% 0 
Heath, shrubland and low closed woodland 30% -0.44 ± 0.89 
Heath, shrubland and low closed woodland 40% 0 
Heath, shrubland and low closed woodland 50% 0 
Heath, shrubland and low closed woodland 60% -0.18 ± 0.63  
Heath, shrubland and low closed woodland 70% -0.21 ± 0.63  
Heath, shrubland and low closed woodland 80% -0.70 ± 0.60 
Heath, shrubland and low closed woodland 90% -0.78 ± 0.59 
Heath, shrubland and low closed woodland 100% -0.73 ± 0.59 
  
Natural and planted revegetation 1% 0 
Natural and planted revegetation 10% -1.12 ± -0.70 
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Natural and planted revegetation 20% 0 
Natural and planted revegetation 30% -0.93 ± 0.38  
Natural and planted revegetation 40% 0 
Natural and planted revegetation 50% 0 
Natural and planted revegetation 60% -1.03 ± 0.30  
Natural and planted revegetation 70% -1.00 ± 0.28  
Natural and planted revegetation 80% -0.98 ± 0.27  
Natural and planted revegetation 90% -1.08 ± 0.26  
Natural and planted revegetation 100% -1.08 ± 0.25 
  
2001 1% 0 
2001 10% 0 
2001 20% 0 
2001 30% 0 
2001 40% 0 
2001 50% 0 
2001 60% 0 
2001 70% 0 
2001 80% 0 
2001 90% 0 
2001 100% 0 
  
2003 1% 0 
2003 10% 0 
2003 20% -1.71 ± 0.36  
2003 30% -1.85 ± 0.30  
2003 40% -1.75 ± 0.27  
2003 50% -1.80 ± 0.26  
2003 60% -1.98 ± 0.25  
2003 70% -2.14 ± 0.24  
2003 80% -2.15 ± 0.23 
2003 90% -2.18 ± 0.23 
2003 100% -2.22 ± 0.22 
  
2005 1% 0 
2005 10% 0 
2005 20% -1.39 ± 0.33  
2005 30% -1.55 ± 0.28  
2005 40% -1.55 ± 0.25  
2005 50% -1.54 ± 0.24  
2005 60% -1.62 ± 0.22  
2005 70% -1.64 ± 0.21  
2005 80% -1.67 ± 0.20  
2005 90% -1.68 ± 0.19  
2005 100% -1.68 ± 0.18 
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2007 1% 0 
2007 10% 0 
2007 20% -1.18 ± 0.32  
2007 30% -1.30 ± 0.26  
2007 40% -1.33 ± 0.24  
2007 50% -1.09 ± 0.21  
2007 60% -1.07 ± 0.19  
2007 70% -1.11 ± 0.18  
2007 80% -1.21 ± 0.17  
2007 90% -1.68 ± 0.19  
2007 100% -1.26 ± 0.16 
  
2009 1% 0 
2009 10% 0 
2009 20% -1.25 ± 0.32  
2009 30% -1.35 ± 0.26  
2009 40% -1.18 ± 0.23  
2009 50% -1.19 ± 0.21  
2009 60% -1.23 ± 0.20   
2009 70% -1.20 ± 0.18   
2009 80% -1.26 ± 0.17   
2009 90% -1.25 ± 0.17   
2009 100% -1.32 ± 0.16  
   
2011 1% 0  
2011 10% 0  
2011 20% -1.07 ± 0.30   
2011 30% -1.26 ± 0.26   
2011 40% -1.21 ± 0.23   
2011 50% -1.18 ± 0.21   
2011 60% -1.15 ± 0.20   
2011 70% -1.20 ± 0.18   
2011 80% -1.20 ± 0.17   
2011 90% -1.26 ± 0.17   
2011 100% -1.19 ± 0.16  
   
2013 1% 0  
2013 10% 0  
2013 20% -2.04 ± 0.39  
2013 30% -1.54 ± 0.28  
2013 40% -1.37 ± 0.24   
2013 50% -1.43 ± 0.22  
2013 60% -1.45 ± 0.21  
2013 70% -1.47 ± 0.20  
2013 80% -1.48 ± 0.18  
2013 90% -1.47 ± 0.18   
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2013 100% -1.43 ± 0.17  
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In the preceding chapters, I examined the effects of trade-offs in conservation and how to optimise 

spending a limited budget. More specifically, I illustrated how alternative resource allocations to 

monitoring and management affects estimates of an endangered species persistence. In addition, I 

studied how the trade-off between spending on monitoring and management impacts the confidence in 

sufficient management when offsetting urbanisation around Melbourne. I empirically validated the 

superiority of a survey method accounting for spatial variation in survey cost for an invasive species. 

Finally, I determined the predictive sufficiency in yellow crazy ant super-colony surveillance when 

working with a constrained budget, emphasising not only the importance of accounting for the variation 

in the cost of monitoring, but also the importance of evaluating the amount of data required in the 

specific conservation context.  

TRADE-OFFS WHEN COLLECTING MONITORING DATA  

Collecting monitoring data is important for tracking changes in a system of concern and hence reducing 

uncertainty. Decisions need to be made about where to monitor and how often. Expanding the spatial 

coverage of monitoring will improve understanding of the system at that point in time. However, 

increasing the temporal replication of monitoring will improve our understanding of population trends 

at the cost of monitoring coverage. In Chapter 2, I determined to what extent spatial monitoring can 

replace temporal monitoring of the endangered growling grass frog metapopulation around Melbourne. 

I explored different sampling strategies across space and time, while keeping the total sampling effort 

constant, and examined how they affected metapopulation persistence estimates across a large time 

horizon. Using a dynamic spatially explicit metapopulation occupancy model, I investigated this trade-

off for different metapopulation dynamics, each with colonisation and extinction driven by a different 

set of (spatial and temporal) variables. I showed that, depending on the drivers of colonisation and 

extinction, spatial monitoring was able to replace temporal monitoring, provided there was adequate 

replication across the full gradient of the driving variables. For this specific metapopulation 

configuration, there was a greater benefit investing in increasing the spatial coverage of monitoring 

rather than the monitoring frequency when wetland characteristics were driving colonisation and 

extinction. These findings can contribute to on-ground decisions about whether to extend monitoring 

programs in space or time.  
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TRADE-OFF BETWEEN MONITORING AND MANAGEMENT 

In Chapter 3, I considered not only trade-offs within monitoring decisions, but also the trade-off 

between monitoring and management of the growling grass frog metapopulation. Future development 

and urbanisation around Melbourne are expected to continue to impact biodiversity. The growling grass 

frog is a species that has been severely affected by urbanisation (Heard et al. 2013). The species’ habitat 

has been extensively deteriorated because of wetland destruction and the construction of roads, which 

has limited dispersal between wetlands. Offsetting interventions compensate for the negative impact of 

urbanisation and can potentially reduce or reverse population declines (Heard et al. 2013; 

Apostolopoulou & Adams 2017). Creating artificial wetlands has been considered as one of the 

offsetting measures that could compensate for urbanisation and increase metapopulation viability of the 

growling grass frog (Heard et al. 2013). I determined the resource allocation between metapopulation 

monitoring and management that maximised confidence about sufficient offsetting. One could argue 

that spending the entire budget on compensating for habitat loss through offsetting would maximise 

metapopulation viability. However, as I showed, a decision to fully invest in management is sub-

optimal, because it does not allow to document the response of the metapopulation to management, and 

nothing can be learned to further improve decision-making. Therefore, to enable reliable predictions of 

metapopulation viability with an increasing number of newly created wetlands, I showed that some 

level of monitoring is required. Exploring different resource allocation scenarios showed that the 

optimal way to spend on monitoring and management depends on the total budget and the available 

timeframe. These findings provide some retrospective insight into the question of how to optimise 

monitoring in conservation (McDonald-Madden et al. 2010) and provide an understanding of how 

alternative resource allocations between monitoring and management affect the reliability of the 

management effectiveness.  

 

OPTIMISING CONSERVATION OUTCOMES BY ACCOUNTING FOR COST  

It is increasingly recognised that accounting for the cost of monitoring and management in conservation 

considerably improves outcomes, since the most cost-effective options will be selected (Bode et al. 
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2008; Armsworth 2014; Cook et al. 2017). In Chapter 3, I explicitly incorporated the cost of monitoring 

and management of the metapopulation into decision-making. The cost of monitoring the occupancy 

status of wetlands was substantially lower than the cost of creating new ones. For instance, monitoring 

167 wetlands for 6 years was cheaper than creating one new wetland. Therefore, the optimal allocation 

of resources favoured monitoring over management because only a few new wetlands could be built 

with the fixed budget, compared with a large gain in understanding of the metapopulation dynamics 

when money was spent primarily on monitoring. In Chapter 4, I explicitly accounted for monitoring 

cost, which was calculated in units of time (minutes). I optimised the survey of the invasive yellow 

crazy ant super-colonies by applying the single binary knapsack algorithm. This algorithm selects sites 

based on the trade-off between survey time (i.e. cost) and rewards. The cost was calculated as the time 

for national park staff to walk to a site and survey a 50 m transect. The reward estimates were the 

predicted probabilities of occurrence at each site derived from a habitat suitability model. I 

demonstrated that making decisions using an algorithm that considered both the cost and reward of 

visiting sites performed better, in terms of finding super-colonies, than just making decisions based on 

rewards alone, expert opinion and when survey sites were uniformly and randomly distributed across 

the island. A survey strategy using a greedy algorithm, which is an approximation of the knapsack 

algorithm, performed equally well in most cases. The findings of Chapter 3 and Chapter 4 support the 

claim that explicitly accounting for the cost of monitoring and management is beneficial in 

conservation, as it results in optimal outcomes for an endangered species (Chapter 3), as well as for an 

invasive species surveillance method (Chapter 4). In terms of management of an endangered species, it 

determines the resource allocation that provides highest confidence about sufficient offsetting, whereas 

for invasive species surveillance, it identifies which survey sites to select to result in the highest number 

of super-colonies found for a given budget.  

OPTIMISING SPENDING ON MONITORING IN THE SPECIFIC CONSERVATION CONTEXT; 

PREDICTIVE SUFFICIENCY  

In Chapter 5, I examined the trade-off between monitoring and management of the yellow crazy ant 

super-colonies. I applied the knapsack algorithm introduced in the previous chapter to prioritise sites 

for management. In addition, I investigated how an increasing amount of monitoring data impacted on 
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predictions of the crazy ant habitat suitability model, which were used as reward values in the knapsack 

algorithm. By examining the increase in performance when more monitoring data were used to run the 

knapsack algorithm, I determined the point at which performance, measured as number of super-

colonies found for subsequent management, levelled off and referred to this point as predictive 

sufficiency. Additional monitoring did not result in an increase in super-colonies found and when 

resources were shared between monitoring and management, more monitoring exhausted the available 

budget for management, resulting in worse outcomes. While Chapter 3 focused on the impact of 

alternative resource allocations on the confidence in offsetting sufficiency (as explained in the section 

on the trade-off between monitoring and management), Chapter 5 concentrated on the impact of 

monitoring on predictive sufficiency. Spending insufficiently on monitoring resulted in inaccurate 

model predictions and a suboptimal number of super-colonies found, whereas spending too much on 

monitoring used up the budget available for actually managing sites. Assessing model performance 

(AUC) versus quantity of monitoring data showed that more data resulted in an ongoing (although 

marginal) increase in model performance. There is clearly a discrepancy between the optimal amount 

of data in a conservation and in a statistical context. Therefore, it is important to optimise monitoring 

in its specific conservation context, which has also been shown in other studies (e.g. Mbah & Gilligan 

2010; McDonald-Madden et al. 2010; Chades et al. 2011; Guillera-Arroita, Hauser & McCarthy 2014; 

Hauser et al. 2016; Rout et al. 2017). In my study, the objective was to find as many super-colonies as 

possible to eradicate, meaning that, if the presented methods would be applied for super-colony 

management on Christmas Island, a large part of the resources currently spent on surveying the entire 

island, should be redirected towards management.  

 

FUTURE RESEARCH PATHS 

Expected value of information analysis  

In Chapter 3 and 5, I evaluated the value of more monitoring data with what could be considered an 

informal value of information analysis. That is, I undertook a retrospective analysis of the trade-offs 

between data quality (through monitoring) and conservation management. Such analysis evaluates the 
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improvement in performance by comparing the decision outcome obtained from a particular dataset 

with the outcome obtained from a subset of the data (for an extensive description; see Morris 2017). In 

Chapter 3, I fitted a dynamic occupancy model to data subsets of increasing size and evaluated the 

increase in confidence about the benefit of the implemented conservation management (creating new 

wetlands for the growling grass frog to offset urbanisation). Chapter 5 fitted a habitat suitability model 

to an occupancy dataset of increasing size and evaluated how much better the model performed in terms 

of finding ant super-colonies (for subsequent management). In both cases the improvement in 

performance was expressed as a function of the datasets that were used to fit the model, by comparing 

the performance outcome of one dataset with that of a smaller dataset. Similarly, Grantham et al. (2009) 

evaluated the value of more monitoring data (while considering ongoing loss) in terms of protection 

outcomes for a Fynbos biome in South-Africa. Furthermore, Hermoso, Kennard and Linke (2013) 

compared the outcomes of spatial conservation for freshwater fish in northern Australia, when using 

datasets of different sizes.  

However, there is an alternative, formal approach to evaluating the improvement that more data brings 

to the conservation outcome. This type of analysis often quantifies the improvement of the management 

outcome with complete information as the expected value of perfect information (EVPI) (Yokota & 

Thompson 2004), which is the expected increase in management performance if there was no 

uncertainty (e.g. Runge, Converse & Lyons 2011; Moore & Runge 2012; Maxwell et al. 2015). Often 

the scenario of complete certainty is unrealistic and such analyses are considered an upper bound to 

determine whether it is worth collecting more information at all. In addition to EVPI, one could also 

calculate the expected improvement from adding a sample of information (i.e. the expected value of 

sample information, EVSI) (e.g. Canessa et al. 2015). In that case one does not calculate the value of 

resolving all uncertainty, but rather the value of reducing uncertainty to some degree. The advantage of 

formal value of information analysis, is that it is a prospective analysis, and one can assess whether 

collecting new data is beneficial before taking action (as opposed to my retrospective informal analysis). 

Furthermore, it requires an explicit statement of an objective function, adding a degree of rigour, not 

needed for an informal analysis. On the other hand, there are challenges associated with formal value 

of information. For example, determining the expected value of new data and specifying the prior 
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probabilities of each potential outcome is difficult, as one must speculate, rather than rely on data that 

has already been collected.  

Optimising accuracy and standardisation of conservation cost estimates 

An important factor contributing to the decision about collecting more data, is the cost of collecting it, 

which must be traded off against the benefit of having these data. Cost estimates can be quantified in 

units of time and/or money. As stated by Armsworth (2014) and Cook et al. (2017), explicitly 

considering cost estimates is key to optimising the conservation performance. However, they argue that 

cost estimates are often approximations of the actual cost of conservation. Indeed, this is the case in my 

study, where I made assumptions about the survey cost. For simplicity I ignored the fact that eqwpark 

staff would walk directly from one survey site to a nearby site, without first returning to the road. 

Additionally, I quantified the cost as time without converting it to the money used to pay park staff 

salaries. Armsworth (2014) and Cook et al. (2017) claim that there is a strong need to be more precise 

when estimating cost (Armsworth 2014) and need to agree on standardised cost data allowing cross-

study comparisons (Cook et al. 2017).  

In Chapter 4, I used the single binary knapsack algorithm to optimise an invasive species survey. The 

algorithm finds the optimal set of sites by maximising the total reward to cost ratio (Kellerer, Pferschy 

& Pisinger 2004). Alternative optimisation methods are available and provide potential avenues for 

future research. The application of methods such as the traveling salesman problem (Renaud & Boctor 

1998) and the orienteering problem (Vansteenwegen, Souffriau & Oudheusden 2011) could be explored 

and assessed for their adequacy in solving the conservation problem at hand. These alternative 

algorithms consider the travel cost between sites, which was ignored in the knapsack algorithm. More 

sophisticated algorithms could increase the realism of the analysis. The potential to use these methods 

encourages interdisciplinary collaborations between the fields of conservation and economics.      

Optimising monitoring across multiple objectives  

Across all chapters, monitoring was optimised for an objective with a single dimension. Whether it was 

maximising the certainty about sufficient offsetting for an endangered frog metapopulation or 

maximising the amount of invasive super-colonies found. In practice, monitoring programs might 
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provide multiple benefits and additional data can be collected along with the data serving the primary 

purpose (Wintle in Legge et al. 2018). For instance, the biennial island wide survey on Christmas Island 

is designed to find ant super-colonies, but staff also collect data on other species at each survey point 

and in transit between points (personal communication Christmas Island National Park staff, Wintle, 

Runge & Bekessy 2010). Or multiple features (such as distribution, abundance, breeding and feeding 

behaviour) of the red-tailed black cockatoos (Calyptorhynchus banksii) are monitored in a long-term 

program organised by BirdLife Australia, engaging the public in an annual bird count 

(www.redtail.com.au, described in Wintle in Legge et al. 2018). Inevitably, no monitoring program will 

be optimal across all aims and trade-offs will exist when multiple objectives are considered. In some 

cases, these multiple objectives might even be conflicting. For instance, it might be challenging to 

optimise monitoring for statistical modelling performance simultaneously with public engagement. 

Maximising statistical performance requires sampling across the full gradient of relevant predictors, 

indicating that sites where the species of interest does not occur, should be monitored as well. Collecting 

absence data will be less appealing to the public than sites with high species abundance. Yet maximising 

public engagement will be achieved when the public is directed towards sites characterised by high 

abundance. In a different example, there is a trade-off between obtaining reliable site data and capturing 

a wide representation of the environmental and geographic extent of a species (e.g. Guillera-Arroita, 

Ridout & Morgan 2010). Optimising across multiple objectives is challenging and may affect the way 

resources are allocated for monitoring alone and between monitoring and management emphasising the 

need to decide on objectives as early as possible.  

Not only can a multi-objective monitoring program be optimised in a single time step, it can also be 

done over multiple-time steps, with the monitoring objective being re-evaluated over time. For instance, 

if the purpose of monitoring is to reduce uncertainty associated with the parameters of an ecological 

model, new monitoring data can update the process model, revealing new areas of uncertainty. As such, 

coupling the monitoring design with the ecological process model will reveal where monitoring should 

be focused next, to further reduce uncertainty. Hence, the optimal monitoring design can change over 

time, depending on the updated objectives (e.g. Williams et al. 2018). 
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CONCLUSIONS 

In this thesis, I examined how different monitoring strategies impacted endangered and invasive species 

management by exploring trade-offs within the collection of monitoring data and between monitoring 

and management. I showed that, when there is sufficient replication across the full gradient of driving 

variables of an endangered metapopulation, expanding the spatial coverage of monitoring can replace 

expenditure on temporal monitoring, which is important to avoid wasting time in conservation. In 

addition, I determined that the optimal resource allocation between monitoring and management of the 

metapopulation (i.e. the allocation that maximised confidence levels of offsetting sufficiency) depended 

on the total budget available. Furthermore, I demonstrated that survey programs for invasive species 

benefitted from explicitly accounting for survey cost and emphasised the importance of determining the 

optimal amount of monitoring data in its specific conservation context. As budget constraints are an 

ubiquitous problem in conservation, it is important to identify cost-effective methods. With this work, 

I hope to contribute to global wildlife conservation by providing insight into how to allocate limited 

resources between monitoring and management across both space and time.   
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