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Abstract 

The greatest challenge for conservation this century will be to preserve biodiversity in the 

face of extensive, ongoing habitat loss. However, meeting this challenge is complicated by 

the fact that (1) habitat loss frequently interacts with other threatening processes, making 

its impacts variable and difficult to predict, and (2) resources are typically insufficient to 

effectively manage all threats. In this thesis, I use relationships between forest cover, 

invasive mammalian predators (rats and possums), and native forest birds in New Zealand 

to examine how variability in the impacts of habitat loss, and the competing need to 

manage alternative threats, can be incorporated into strategies for preserving biodiversity 

in the face of ongoing habitat loss. Combining field surveys with existing large‐scale 

datasets, I ask the following questions: (1) how do the impacts of native forest loss on bird 

richness vary with the surrounding 'matrix' land use? (2) Does forest loss indirectly affect 

native birds by altering the abundance of invasive mammals? (3) How effectively can 

different pest control methods reduce invasive‐mammal abundance? And (4) when can 

the impacts of forest loss on birds be offset by conducting pest control in remaining 

forest? Analysing a nationwide dataset of bird distribution, I found that the impacts of 

native forest loss on bird richness were far lower when the matrix was dominated by 

exotic pine plantations than by high‐contrast agricultural land uses, suggesting that matrix 

composition can play an important role in managing the impacts of habitat loss. In 

contrast, I found little evidence that forest loss indirectly affects birds by altering the 

abundance of invasive mammals. Although a single‐landscape analysis found that rat 

capture rates were lower at the forest edge than the forest interior, a regional‐scale 

analysis found no evidence that native forest cover influenced rat or possum abundance. 
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Instead, abundance varied strongly with local vegetation characteristics, climate and 

topography, and urbanisation, suggesting that these variables may help managers with 

limited budgets to prioritise locations for pest control. This analysis also found that high‐

intensity pest control operations could substantially reduce rat and possum abundance, 

with abundance indices that were >90% lower in areas of high‐intensity control than in 

uncontrolled areas. In contrast, there was no measurable difference in abundance 

between uncontrolled areas and areas under low‐intensity pest control. Low‐intensity 

operations cost millions of dollars and kill tens of millions of sentient pests each year, and 

my results raise questions about how often these costs are justified. Finally, I combined 

data on forest cover, pest control, and bird richness and abundance across the Auckland 

region to predict when pest control could be used to offset the impacts of forest clearance 

on bird communities. I found that pest control could offset impacts in some cases, but this 

depended on the combined effects of several factors: current levels of forest cover in the 

landscape, proposed amount of forest clearance, and type of pest control employed. 

Alternative‐threat management is a promising tool for offsetting the impacts of habitat 

loss, but a framework that can account for these factors, such as the one developed in my 

analysis, will be necessary to predict when it is appropriate. Understanding relationships 

between habitat loss, interacting factors, and the management of alternative threats will 

help to meet the challenge of preserving biodiversity in the face of ongoing habitat loss. 
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Chapter 1. General introduction 

 

1.1 Strategies to preserve biodiversity in the face of ongoing habitat loss 

Habitat loss is the single biggest threat to global biodiversity (Sala et al., 2000). Much of 

the world's land area has already been converted to human land uses, and natural areas 

that remain are frequently fragmented (Wade et al., 2003; Ewers & Didham, 2008; Foley 

et al., 2011). Moreover, the clearance of natural areas is set to continue for decades to 

come, driven by the expanding resource requirements of a rapidly‐growing human 

population. Food security alone will require hundreds of millions of hectares of new 

agricultural land by 2050, even using agricultural practices that minimise the need for 

further habitat clearance (Tilman et al., 2011). Preserving biodiversity in the face of this 

ongoing habitat loss will be the greatest challenge for conservation this century (Sala et 

al., 2000; Foley et al., 2011). 

 

The effects of habitat loss on biodiversity are generally large and negative (Fahrig, 2003). 

However, researchers are increasingly realising that these effects are also context 

dependent, and may be reduced or exacerbated by other threats (Ewers & Didham, 2006). 

For example, the degree of contrast between habitat patches and the surrounding 'matrix' 

land use influences functional connectivity among patches and the magnitude of edge 

effects, so that land‐use intensification in the matrix may increase the impacts of habitat 

clearance on biodiversity (Ewers & Didham, 2006; Prugh et al., 2008; Watling et al., 2011). 

In statistical terms, this context dependence is referred to as an 'interaction' between 

habitat loss and the other threat.  
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Habitat loss has been shown to interact with a range of concurrent threats, including 

pollution (Weathers et al., 2001), climate change (Hill et al., 2002), disease (Jackson et al., 

2006), fire (Laurance & Williamson, 2001), invasive species (Didham et al., 2007), 

predation (Chalfoun et al., 2002), grazing (Hobbs, 2001) and overharvesting (Peres, 2001). 

For example, forest loss can indirectly affect forest birds by increasing the impacts of 

generalist predators. Typically, the replacement of forest with agricultural land use 

increases the abundance of predators, while the creation of forest edges increases access 

to the nests of forest birds (Chalfoun et al., 2002). Interactions between the impacts of 

habitat loss and generalist predators remain largely unstudied outside of northern 

hemisphere temperate systems (Batary & Baldi, 2004), but could strongly influence 

biodiversity in areas where threats from predators are high, for example in the many 

oceanic island ecosystems under threat from invasive mammalian predators (Blackburn et 

al., 2004). 

 

Interactions have important implications for managing biodiversity in the face of ongoing 

habitat loss. First, because of their potential to exacerbate or reduce impacts, an 

understanding of interactions may be crucial for accurately predicting the effects of future 

habitat loss. This in turn may allow managers to identify landscapes where habitat loss 

should be avoided, because its impacts will be greatest, and where it might be acceptable 

because its impacts will be relatively modest. Second, interactions may lead to new 

management opportunities, because they imply that the impacts of habitat loss may be 

reduced indirectly via management of the interacting process. For example, interactions 
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between the effects of matrix land use and habitat cover on biodiversity have led several 

authors to suggest that the impacts of habitat loss may be reduced by manipulating the 

composition of the matrix (e.g. Norton & Miller, 2000; Foley et al., 2005; Brockerhoff et 

al., 2008a; Prugh et al., 2008). Similarly, interactions between predation pressure and 

habitat loss suggest that predator management may reduce threats from habitat loss, or 

vice versa (Evans, 2004). Clearly, interaction effects may play a central role in minimising 

the impacts of ongoing habitat loss on biodiversity, but there has been limited research on 

their occurrence and significance in real‐world systems. Indeed, they are one of the least 

understood, but potentially most important, aspects of how habitat loss influences 

biodiversity (Laurance & Cochrane, 2001; Didham et al., 2007). 

  

Concurrent threats not only interact with habitat loss, they also compete with it for 

limited conservation resources. This further complicates biodiversity management in the 

face of ongoing habitat loss, because managing the impacts of habitat loss may result in 

suboptimal outcomes for biodiversity if it diverts resources away from alternative threats 

that have a greater impact in the system being managed (Wilson et al., 2007). 

Consequently, effective conservation management in real‐world, funding‐limited 

scenarios requires an understanding of not only how to manage the impacts of habitat 

loss, but also when to spend scarce resources managing habitat loss rather than 

alternative threats. 

 

Biodiversity offsetting is one promising strategy for maximising biodiversity outcomes, 

given this scenario of ongoing habitat loss, additional impacts from concurrent threats, 
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and limited conservation resources. In contrast to the traditional model of conservation 

funding, in which a limited conservation budget is divided among competing management 

actions (e.g. Wilson et al., 2007), biodiversity offsetting is a 'user pays' approach in which 

developers compensate for the impacts of habitat clearance by funding new management 

actions elsewhere (ten Kate et al., 2004). Several reviews have concluded that biodiversity 

offsetting may be a useful conservation tool where habitat clearance is ongoing, and 

offsetting programmes are becoming increasingly popular worldwide (ten Kate et al., 

2004; Gibbons & Lindenmayer, 2007; Kiesecker et al., 2009; Bekessy et al., 2010; 

McKenney & Kiesecker, 2010; Quértier & Lavorel, 2011; Gardner et al., 2013; Brown et al., 

2014). 

 

Offsetting research has typically focused on using habitat creation or protection to replace 

cleared habitat (e.g. Gibbons & Lindenmayer, 2007; Moilanen et al., 2009b; Bekessy et al., 

2010; Quértier & Lavorel, 2011; Curran et al., 2013). However, given that alternative 

threats have greater impacts than habitat loss in some systems, and that conservation 

funding is typically insufficient to manage all threats, developer funding might be better 

spent managing these alternative threats instead of replacing cleared habitat (Wilson et 

al., 2007; Norton & Warburton, 2014). The management of alternative threats may 

therefore be a powerful tool for preserving biodiversity in the face of ongoing habitat loss, 

turning a biodiversity impact (through habitat loss) into a net biodiversity gain (through 

alternative‐threat management that would not otherwise have occurred) (Norton & 

Warburton, 2014). However, to date there has been no framework for predicting when 

this form of offsetting is likely to produce net biodiversity gains, rather than losses. Such a 
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framework will be necessary if conservation managers are to make informed decisions 

about how best to manage biodiversity in the face of ongoing habitat loss, concurrent 

threats, and limited conservation funding. 

 

1.2 Threats to New Zealand forest birds as a case study 

Pre‐human New Zealand was almost entirely forested, but it has lost nearly 70% of its 

native forest cover in the c. 700 years since human colonisation (Ewers et al., 2006). While 

extensive tracts of forest remain, many landscapes now have extremely low levels of 

native forest cover, particularly in productive lowland environments (MfE, 2004b; Kelly & 

Sullivan, 2010). Today, pastoral grassland is the dominant replacement land use, covering 

c. 45% of New Zealand's sub‐alpine land area (MfE, 2004b). Plantations of exotic trees 

(primarily Pinus radiata) also cover extensive areas in some regions, comprising c. 8% of all 

sub‐alpine land nationwide (MfE, 2004b; Pawson et al., 2010).  

 

A handful of studies have investigated the response of forest birds to this forest clearance 

(Diamond, 1984; Stevens, 2006; Richard, 2007; Boulton et al., 2008) or to changing matrix 

land use (Clout & Gaze, 1984; Blackwell et al., 2005; Ewers et al., 2005; van Heezik et al., 

2008b; van Heezik et al., 2008a; Deconchat et al., 2009). These studies have demonstrated 

that forest loss and matrix composition do affect bird distribution and abundance, 

although the extent to which forest loss might interact with matrix composition in its 

effects on forest birds remains unclear. 
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Humans also introduced numerous species of mammal to New Zealand (Holdaway, 1989), 

and while forest cover is likely to limit bird populations in more deforested regions (Innes 

et al., 2010a), it is the impact of invasive mammalian predators (especially rats, R. rattus 

and R. norvegicus, possums, Trichosurus vulpecula, and stoats, Mustela erminea) that is 

believed to be the primary threat (Craig et al., 2000; Innes et al., 2010a; Wright, 2011). 

Several species of native bird only occur in areas where invasive mammals have been 

eradicated or intensively controlled, and others occur at low density outside these areas 

(Innes et al., 2010a). Much of New Zealand’s conservation budget is now allocated to the 

control of invasive mammalian predators (Wright, 2011).  

 

There has been little consideration of whether invasive mammals might interact with 

forest loss in their effects on native birds. A likely mechanism is an 'interaction chain' 

effect in which forest loss indirectly affects native birds by driving changes in the 

abundance of invasive mammals (Chalfoun et al., 2002; Didham et al., 2007). Indeed, 

several studies have shown that the relative abundance of invasive mammals in New 

Zealand can vary with land use type (King et al., 1996; Innes, 2001; Morgan et al., 2009) 

and distance from forest edge (Sweetapple, 2008; Christie et al., 2009). Moreover, forest 

edges have been shown to alter the structure of vegetation in remaining forest patches 

(Young & Mitchell, 1994), which in turn can alter the impacts of ship rats (Innes et al., 

2010b).  

 

The forest birds of New Zealand provide a useful system in which to study strategies for 

preserving biodiversity in the face of multiple interacting threats. First, because matrix 
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land use is typically either 'high‐contrast' (i.e. agriculture) or 'low‐contrast' (i.e. pine 

plantation) relative to native forest, New Zealand landscapes provide a simple system in 

which to examine how matrix composition might exacerbate or mitigate the impacts of 

habitat loss. Indeed, it has been suggested that the impacts of native forest loss on native 

biodiversity will be weaker in landscapes with a high cover of pine plantations (Norton & 

Miller, 2000; Pawson et al., 2010). Second, because of the considerable impacts of 

invasive mammals on bird communities, any interactions between forest loss and invasive 

mammals should strongly influence native birds. Third, conservation funding in New 

Zealand is insufficient to effectively manage the impacts of both habitat loss and invasive 

mammals, so there is scope for the impacts of habitat loss to be offset by alternative‐

threat management (Norton & Warburton, 2014). Moreover, the large number of 

mammal control operations undertaken throughout New Zealand (Wright, 2011) provide 

an opportunity to empirically test whether the management of alternative threats can 

offset the impacts of habitat loss.  

 

1.3 Thesis aims and structure 

The overall aim of this thesis is to examine how interaction effects, alternative‐threat 

management, and biodiversity offsetting can be incorporated into strategies for 

preserving biodiversity in the face of ongoing habitat loss. Using New Zealand forest birds 

as a case study, I ask the following questions: (1) how do the impacts of native forest loss 

on bird richness vary with the composition of the surrounding matrix? (2) Does forest loss 

indirectly affect native birds by altering the abundance of invasive mammals? (3) How 

effectively can different pest control methods reduce invasive‐mammal abundance? And 
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(4) when can the impacts of forest loss on birds be offset by conducting pest control in 

remaining habitat? I examine these questions using a combination of my own field surveys 

and existing large‐scale datasets of land cover, invasive‐mammal control, and the 

distribution and abundance of birds and invasive mammals in New Zealand.  

 

In Chapter 2, I quantify the extent to which matrix composition alters the impacts of 

native forest loss on forest birds. To do this, I use data from a recent atlas programme to 

model the effects of native forest cover, matrix composition, and their interaction on 

native forest bird communities. The atlas programme provides a unique opportunity to 

estimate these effects across very wide gradients of native forest cover (i.e. from <1% to c. 

100%) and matrix composition (from high‐contrast matrix dominated by pastoral 

grassland to low‐contrast matrix dominated by pine plantations), with very high statistical 

power (>1000 grid squares), and at a national scale.  

 

While the atlas programme provides an invaluable data source for examining interactions 

between the effects of forest loss and matrix composition on bird communities, I was 

unable to use it to test for interactions between the effects of forest loss and invasive 

mammals. In Chapter 3, I use data from a small‐scale rat‐trapping programme to examine 

one potential interaction between forest loss and invasive mammals, testing whether 

forest edges alter the abundance or activity of ship rats within forest fragments. However, 

forest edges are known to have variable effects on generalist predators, and improving 

the predictability of these effects requires that researchers move from describing edge 

effects to testing the mechanisms involved (Murcia, 1995; Lahti, 2009). I therefore also 
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examine the mechanisms that drive any effects of forest edges on rat capture rates, using 

path analysis to test the hypothesis that edge effects arise because rats respond to edge‐

driven changes in local vegetation structure. 

 

My use of path analysis in Chapter 3 is based on ancillary research, which I present in 

Appendix 1.1. In this appendix, I use simulation modelling to assess the ability of path 

analysis and multiple regression to estimate the effects of predictor variables that occur in 

a causal hierarchy (i.e. where one predictor variable is influenced by another). This 

appendix is a rebuttal to a recently‐published study that, I believe, provides inappropriate 

advice on the best statistical approach for disentangling the effects of habitat 

configuration from the effects of habitat loss (Smith et al., 2009). However, the findings of 

this research are applicable to any scenario in which predictor variables occur in a causal 

hierarchy. In Chapter 3, for example, I test a hypothesis that specifies a causal hierarchy of 

predictor variables (i.e. forest edges influence vegetation structure, which in turn 

influences rat capture rates), and the findings of Appendix 1.1 informed the analysis used 

to test this hypothesis. 

 

In Chapter 4, I examine potential interactions between forest loss and invasive mammals 

further. Whereas Chapter 3 measures effects of forest loss at the 'within‐patch' scale of 

edge effects, Chapter 4 measures effects of forest loss in terms of landscape‐level changes 

in forest cover. Using data from a region‐wide biodiversity monitoring programme, I test 

whether the amount of forest in the landscape influences the relative abundance of rats 

and possums in the Auckland region. I also combine these data with maps of pest control 
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operations underway in the region, to examine how effectively different pest control 

regimes can reduce rat and possum abundance. This information provides insight into the 

intensity of management required to alleviate threats from invasive mammals.  

 

The intensive, regional‐scale dataset that formed the basis of Chapter 4 allowed me to 

measure the response of rats and possums to a wide range of forest cover levels and a 

large number of pest control operations. However, the abundance indices provided in this 

dataset were derived from 'chew‐track‐cards', whose ability to reflect underlying rat and 

possum abundance has not been established. I therefore used field surveys to measure 

the ability of chew‐track‐cards to index rat and possum abundance, to confirm that the 

data used in Chapter 4 were valid. This ancillary work is presented as Appendix 1.2. 

 

In Chapter 5, I examine whether the impacts of habitat loss on native species can be offset 

by managing alternative threats. Using the findings of my previous chapters as well as a 

priori reasoning, I expect that the outcomes of this form of offsetting will depend on a 

number of factors: non‐linear and interactive relationships between native species, 

habitat loss, and the alternative threat; starting levels of habitat cover; proposed amount 

of habitat clearance; and the efficacy of the alternative‐threat management. In this 

chapter, I develop a quantitative framework that can predict when the impacts of habitat 

loss can be offset by managing alternative threats, while accounting for each of these 

factors. I illustrate this framework by combining data on pest control, forest cover, and 

native bird richness and abundance in the Auckland region, to predict when the impacts of 
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forest loss on native bird communities can be offset with pest control in remaining 

habitat. 

 

In Chapter 6 I synthesise the findings of my experimental chapters. I discuss the 

implications of these findings in both New Zealand and global contexts, considering how 

interaction effects, alternative‐threat management, and biodiversity offsetting might be 

incorporated into strategies to preserve biodiversity in the face of ongoing habitat loss. 
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Chapter 2. Exotic pine plantations mitigate effects of native forest loss on 

New Zealand birds  

 

Jay Ruffell, Mick N. Clout, and Raphael K. Didham*  

 

Abstract 

Predicting and managing the impacts of habitat loss on biodiversity requires an 

understanding of the factors that alter the strength of its effects. Here, we test whether 

increasing land cover of exotic pine plantations mitigates the effects of native forest loss 

on bird diversity in New Zealand. Using a recently‐compiled atlas of bird distribution, we 

modelled the diversity of native forest birds as a function of native forest cover, pine 

cover, and their interaction in 1071 10 × 10 km grid squares nationwide. Model‐predicted 

values indicated a non‐linear relationship between species richness and native forest 

cover, with richness declining rapidly below c. 10‐20% cover. However, this relationship 

was strongly influenced by levels of pine cover, with grid squares containing the lowest 

measured levels of native forest cover predicted to have 128% more species when all 

matrix was composed of pine than when there was no pine in the matrix. Moreover, this 

effect was still strong at much lower levels of pine cover, with grid squares in which only 

5% of matrix was pine predicted to have 43% more species than those in which pine was 

absent. The effect of pine appeared to be consistent across feeding guilds. Our results 

suggest that plantation forests may play an important role in predicting and managing the 

impacts of habitat loss on native birds in forest biomes. Increasing plantation forest cover 
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could provide a relatively rapid and cost‐effective way to reduce these impacts, whereas 

conversion of plantation forests to high‐contrast matrix land uses – as is currently 

underway New Zealand – may considerably reduce the diversity of forest bird 

communities at landscape scales. 

 

2.1 Introduction 

Habitat loss is the single biggest threat to biodiversity globally (Sala et al., 2000), and 

accurately predicting its impacts will be crucial for making informed land use management 

decisions that can minimise biodiversity loss in the face of ongoing pressure to clear 

natural areas (Foley et al., 2005; Kelly & Sullivan, 2010). However, researchers are 

increasingly realising that the effects of habitat loss are context dependent, varying with 

factors such as time since clearance, the presence of invasive species, current levels of 

habitat in the landscape, the spatial arrangement of remaining habitat, and the type of 

replacement land use ('matrix') (Ewers & Didham, 2006; Didham et al., 2007; Swift & 

Hannon, 2010; Watling et al., 2011). Because these interactions, when unaccounted for, 

increase the variability of the effects of habitat loss, they can make it difficult to predict 

the consequences of land‐use change. Indeed, they may be one of the most important, 

but least understood, issues for predicting the effects of habitat loss on biodiversity 

(Laurance & Cochrane, 2001; Didham et al., 2007). 

 

While this context dependence poses a challenge for predicting the effects of habitat loss, 

it also provides a potential opportunity for conservation managers. Interaction effects 

between variables imply that the effects of habitat loss could potentially be mitigated by 
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manipulating the interacting factor, rather than solely by manipulating levels of habitat 

cover (i.e. through habitat protection or creation). For example, Amazonian bird 

communities are less affected by forest loss when matrix habitats are dominated by 

plantation forest than by agriculture, suggesting that effects of forest loss can be reduced 

by increasing the cover of plantation forests in the landscape (Zurita & Bellocq, 2010). 

 

Forest biomes contain a disproportionate amount of the world's terrestrial biodiversity, 

but most have suffered considerable habitat loss and fragmentation due to human activity 

(Myers et al., 2000; Wade et al., 2003). For example, New Zealand was almost entirely 

forested historically, and is considered a biodiversity hotspot (Myers et al., 2000), but has 

lost c. 70% of its native forest in the c. 700 years since human colonisation (Ewers et al., 

2006). As in many other historically forested countries (FAO, 2010), New Zealand also 

contains extensive areas of plantation forest (almost exclusively exotic Pinus radiata; 

Pawson et al., 2010). These plantation forests were often established through the 

clearance of large areas of native forest, a practice which is no longer permitted in New 

Zealand (Brockerhoff et al., 2008b). Today, plantation forests provide a lower contrast 

matrix than agricultural land uses (Campbell et al., 2011), and it has been suggested that 

they may reduce the effects of habitat loss in production landscapes by increasing 

connectivity between native forest remnants, buffering edge effects, and providing 

habitat for some native species (Norton & Miller, 2000; Brockerhoff et al., 2008a; Pawson 

et al., 2010). However, these biodiversity benefits are typically ancillary to the intended 

production purpose of plantation forests, and economic drivers may result in the removal 

of plantation forests regardless of any potential biodiversity benefits. In New Zealand, for 
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example, recent assessments of the profitability of pine, together with perverse incentives 

from the Kyoto protocol, have led to large areas being converted to agricultural land uses. 

There are concerns that these changes will adversely affect native forest species 

(Brockerhoff et al., 2008b; Pawson et al., 2010). 

 

Despite the high levels of deforestation in many parts of New Zealand, the effects of 

native forest loss on New Zealand forest birds have received relatively little attention. 

Diamond (1984) reviewed the distribution of forest birds on islands and in forest patches 

of different sizes, and concluded that large areas of forest were vital for the persistence of 

many species. Similarly, Stevens (2006) found that the diversity of forest birds was higher 

in continuous forest than in forest remnants in the Auckland region. More recently, Innes 

et al. (2010a) reviewed factors limiting New Zealand forest birds and concluded that 

predation from invasive mammals was the primary threat, but that forest loss may be 

limiting populations in more deforested regions. However, to date there have been no 

comprehensive, large‐scale analyses of how forest bird communities respond to changing 

levels of forest cover in New Zealand. 

 

Several studies have examined how pine plantations might influence forest bird 

communities in New Zealand. Clout and Gaze (1984) measured the abundance of native 

forest birds within native forest remnants and pine plantations, and found that most 

species occurred in both habitat types but were more abundant in native forest. They 

found that this was particularly true for fruit and nectar feeders, which they suggested 

was because of the lower availability of these resources in pine plantations. Similarly, 
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Pawson et al. (2010) noted that a number of threatened bird species have been recorded 

in pine plantations in New Zealand. However, these authors caution that pine may 

represent a sink habitat for some species (i.e. habitat that cannot support populations 

without immigration from surrounding native forest), or could even function as an 

ecological trap (i.e. a sink habitat that harms populations by drawing individuals away 

from higher‐quality habitats), casting doubt on the conservation value of pine plantations 

for New Zealand forest birds. Finally, Deconchat et al. (2009) tested whether increasing 

cover of native forest and pine plantations around individual native forest remnants 

increased the abundance of native forest birds in a highly fragmented landscape in the 

Canterbury region of New Zealand. Results were equivocal, although variation in levels of 

pine plantation and native forest cover were relatively low. Together, these studies 

demonstrate that at least some native forest birds can utilize low‐contrast matrix habitats, 

such as pine plantations, and that native forest cover influences forest bird communities 

in New Zealand, at least in regions where native forest cover is low. However, the 

conservation benefits of pine plantations for forest bird communities, and in particular the 

extent to which pine plantations might reduce the effects of native forest loss, have not 

been quantified. 

 

In this study, we used data from a recent atlas program to conduct a nationwide analysis 

of the relationships between native forest bird communities, native forest cover, and pine 

plantation cover. The atlas surveys covered extremely wide gradients of forest cover and 

pine plantation cover, providing an excellent opportunity to examine how forest loss 

affects forest bird communities and the extent to which this relationship varies with the 
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amount of pine plantation in the landscape. Our specific aims were to quantify (1) the 

relationship between native forest cover and native forest bird diversity, and (2) the 

extent to which this relationship depended on levels of pine cover in the landscape. We 

also examined relationships between native forest cover, pine cover, and probability of 

occurrence for the 11 most common bird species, to test the hypothesis that pine 

plantations would benefit insectivores but not nectarivores or frugivores (Clout & Gaze, 

1984). Such information may be crucial for effectively predicting the influence of future 

native forest loss on forest bird communities, the extent to which exotic plantations might 

be used as a management tool for increasing biodiversity in production landscapes 

(Norton & Miller, 2000; Pawson et al., 2010), and the potential impacts of converting 

plantation forests to agricultural land uses (Brockerhoff et al., 2008b; Pawson et al., 2010). 

 

2.2 Methods 

2.2.1 The OSNZ survey data 

We examined the effects of native forest and pine plantation cover on native forest birds 

using data from the OSNZ 1999‐2004 bird distribution atlas scheme (Robertson et al., 

2007). In this scheme, a 10 x 10 km grid was overlaid across the country, and OSNZ 

members were asked to visit grid squares and record all bird species seen or heard on 

standardised survey sheets (Supplementary Figure 2.1). Grid squares of this size have 

been used for measuring effects of land use change on forest bird communities previously 

(e.g. Trzcinski et al., 1999; Zurita & Bellocq, 2010), and are likely to be appropriate for New 

Zealand forest birds based on an analysis from the Auckland region which found that 

forest cover measured within a 5 km radius of survey points had a similar or better ability 
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to predict forest bird diversity than forest cover measured within a range of other radii 

(Chapter 5). OSNZ members also recorded the year and season of each survey, and 

categorised both the amount of time spent surveying the grid square (<1hr, 1‐3hrs, <1 

day, <1 week, <1 month, or 1‐3 months) and the habitat types surveyed (a list of 36 

habitat types representing native forest, exotic plantation, farmland, residential, 

freshwater/wetlands, coastal, and alpine habitats; see Supplementary Figure 2.1).  

 

There were no limitations placed on survey methods for the OSNZ atlas, but surveys that 

were unlikely to record small or secretive species (for example, because of poor survey 

conditions or because observations were made from a moving vehicle) were classified as 

'part' rather than 'full' surveys (Robertson et al., 2007). These 'part' survey sheets were 

discarded from our analysis. We also discarded survey sheets that were from grid squares 

that had >10% of their land area above the tree line or were >10% water (lakes, rivers, and 

ocean). We calculated the proportion of land above the tree line by combining a digital 

elevation model with an equation that described treeline elevation as a function of 

latitude in New Zealand (Ewers et al., 2006), and we calculated the proportion of land that 

was water using the cover classes of the New Zealand land cover database version 2 

('LCDB2'; MfE, 2004b). Both of these analyses were conducted in ArcGIS version 10.0. Our 

final dataset consisted of 13,693 survey sheets from 1071 grid squares, with a median 

search effort of 9.5 hours per grid square (interquartile range: 4 – 42.5 hours). This 

dataset covered 71 % of all grid squares nationwide that were <10 % water and <10 % 

above the treeline.  
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Using this subset of survey sheets, we counted the number of native forest bird species 

that were recorded in each grid square as well as the identity of individual species. We 

used the descriptions of Heather and Robertson (2005) and the digital encyclopaedia of 

New Zealand birds (nzbirdsonline.org.nz, accessed March 2014) to determine if species 

were native and associated with forest habitats (Supplementary Table 2.1). 

  

2.2.2 Measuring cover of native forest and pine plantations per grid square 

We measured the percent cover of native forest and pine plantations in each grid square 

with ArcGIS. We used land cover data from the LCDB2, which maps major land cover 

categories throughout New Zealand based on satellite images captured from 2001 to 2002 

(MfE, 2004c). We defined native forest as the combination of 'indigenous forest', 

'broadleaved indigenous hardwoods', and 'manuka and or kanuka' categories of the 

LCDB2, after a preliminary analysis which modelled the number of native forest bird 

species as a function of all possible combinations of these categories across all grid 

squares found that this definition provided the best fit to the data (Supplementary Table 

2.2). We defined pine plantations as the 'Pine forest – open canopy' and 'Pine forest –

closed canopy' categories of the LCDB2. We chose not to include the two 'Afforestation' 

categories of the LCDB2 in our definition of pine, since these categories mapped new 

plantations that were not visible in 1996 – 1997 satellite imagery (MfE, 2004a) and were 

therefore unlikely to have significantly influenced bird distribution. We also did not 

include the 'Forest – harvested' category, since this reflected harvested areas of any forest 

type, rather than specifically pine (MfE, 2004a). However, our results were robust to the 

inclusion or exclusion of these categories in our definition of pine, since a reanalysis of our 
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data which included these categories produced results that were almost identical to those 

from our main analysis (Supplementary Figure 2.2). 

 

2.2.3 Controlling for potentially confounding variables 

We identified a number of environmental variables and survey effort variables that were 

potentially correlated with native forest cover or pine plantation cover, which if 

unaccounted for might cause our models to estimate spurious relationships between 

native forest cover, pine plantation cover, and species richness. These variables included 

latitude, elevation, landscape heterogeneity, year of survey, season of survey, number of 

habitat types surveyed, the proportion of total search effort that was allocated to native 

forest, and the total amount of time spent surveying in each grid square.  

 

We derived measures of these 'potential confounders' for each of our grid squares, and if 

necessary included them in our statistical models to control for any confounding. We 

obtained latitude, year of survey, season of survey, and the number of habitat categories 

that were surveyed directly from the OSNZ survey sheets, and we calculated the 

proportion of surveyed habitat categories that were types of native forest as a measure of 

the proportion of total search effort that was allocated to native forest. We quantified the 

amount of time spent surveying in each grid square by summing the midpoints of the time 

categories from its constituent survey sheets. For example, we assigned survey sheets 

from the '< 1 day' category a midpoint of 5.5 hours, since these sheets were known to be 

surveyed for more than > 3 hrs (the next‐shortest time category) but less than eight hours 

(the cut‐off for the '< 1 day' category as specified by the atlas instructions; Robertson et 
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al., 2007). We quantified average elevation for each grid square with ArcGIS, using a 25 m 

digital elevation model (obtained from the Landcare Research GIS portal, 

https://lris.scinfo.org.nz; accessed April 2013), and we quantified each grid square’s 

landscape heterogeneity using the Shannon diversity index of all of its LCDB2 cover 

classes. 

 

We found no evidence that either year of survey or season of survey varied systematically 

with native forest cover or pine plantation cover (Supplementary Figure 2.3), so took no 

action to control for confounding from these variables. In contrast, all other potential 

confounders were correlated with either native forest cover or pine plantation cover (r 

≥0.17 for all variables; Supplementary Figure 2.3). We therefore included all these 

variables in our statistical models, so that we could control for their effects when 

estimating relationships between native forest cover, pine plantation cover, and species 

richness. 

 

We also speculated that there might be a confounding relationship between the intensity 

of mammalian pest control and native forest cover or pine plantation cover in each grid 

square. However, there is no reliable national database of pest control intensity across 

New Zealand. A large number of pest control operations are undertaken in New Zealand 

by a wide range of agencies and community groups, and the details of many of these 

operations have not been formally recorded. This makes quantifying pest control intensity 

at a national scale extremely challenging, and beyond the scope of our study. 

Nonetheless, we were able to quantify pest control intensity for a subset of grid squares 
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from the Auckland region (n=24; 2% of all grid squares nationwide), and used this subset 

to conduct a sensitivity analysis in which we examined whether accounting for pest 

control intensity altered conclusions about the effects of native forest cover, pine 

plantation cover, and their interaction on species richness (Appendix 2.1). 

 

2.2.4 Statistical analyses 

Several of our predictor variables had skewed distributions, and we transformed these 

variables prior to statistical modelling to reduce the influence of outlying points (Zuur et 

al., 2007). Specifically, we log‐transformed native forest cover, pine cover, and search 

hours per grid square, and we square root‐transformed mean elevation, after attempting 

a range of transformations for each of these variables. 

 

We used spatial Poisson generalised linear mixed models (GLMMs) to model species 

richness as a function of native forest cover, pine cover, and their interaction, using the 

'glmmPQL' function of the MASS package (Ripley et al., 2014) in R version 3.1.0 (R Core 

Team, 2012). Spatial GLMMs assign all observations to a single grouping factor (i.e. 

random effect), which provides a means to extend generalised least squares modelling to 

non‐normal data (Dormann et al., 2007). We chose this approach after correlograms of 

preliminary Poisson generalised linear models indicated significant autocorrelation of 

residuals. The spatial GLMM approach did not completely remove autocorrelation from 

the data, but it performed better than alternative approaches for dealing with spatial 

patterning in non‐normal data (spatial eigenvector mapping and generalised estimation 

equations; Dormann et al., 2007). Recent research has found that spatial autocorrelation 
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does not seriously influence parameter estimates for gridded geographical data similar to 

that used in this study (Hawkins et al., 2007). For our spatial GLMMs, we specified a 

Gaussian correlation structure to our residuals, after attempting two alternative 

correlation structures (exponential and spherical). Although all three correlation 

structures produced near identical parameter estimates, we chose the Gaussian structure 

because it tended to produce parameter estimates that were intermediate between the 

other two. Re‐fitting our models as quasi‐Poisson models suggested that there was no 

overdispersion in the data (i.e. an overdispersion parameter of <1; Zuur et al., 2009), and 

plots of residuals against explanatory variables and fitted values also suggested that our 

data met the assumptions of a Poisson GLMM. 

 

To examine our hypothesis that pine plantations reduce the effects of native forest loss on 

insectivores, but not on frugivores or nectarivores, we modelled the probability of 

occurrence of all 'widely distributed' species (those occurring in >5% of grid squares) as a 

function of native forest cover, pine cover, and their interaction. This set included 11 

species: two that were primarily nectarivorous (bellbird, Anthornis melanura, and tui, 

Prosthemadera novaeseelandiae), one that was primarily frugivorous (kereru, Hemiphaga 

novaeseelandiae), and eight that were primarily insectivorous. We employed an identical 

modelling approach to that used for species richness, except that we used binomial rather 

than Poisson GLMMs. We note that running 11 individual models increased the chance of 

Type I errors across our model set. However, we chose not to use a standard or sequential 

Bonferroni correction in these models because of their highly conservative nature (i.e. a 

greatly increased chance of Type II errors) when large numbers of individual models are 
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run (Cabin & Mitchell, 2000; Moran, 2003; Nakagawa, 2004). Instead, we follow the advice 

of Moran (2003) when interpreting the results of our occurrence models: we note that 

there is an increased chance of spurious relationships in our model set, but that consistent 

trends across multiple models would nonetheless provide strong evidence of real effects.  

 

2.3 Results 

All predictors in our spatial GLMM had highly significant effects on species richness (Table 

2.1). Predicted values from this model suggested that there was a non‐linear relationship 

between species richness and native forest cover, with species richness declining rapidly 

below c. 10‐20% cover (Figure 2.1). However, this relationship was strongly influenced by 

the amount of pine cover in each grid square. While pine plantations were predicted to 

have minimal effects on species richness in landscapes with high native forest cover, they 

considerably reduced the negative effects of forest loss in landscapes with low forest 

cover. For the lowest measured levels of native forest cover (0.5%), predicted values 

suggested that grid squares in which all matrix was pine plantation had 128% more 

species than grid squares with no pine plantation cover (Figure 2.1). Moreover, this 

moderating effect of pine plantations was still strong at far lower levels of pine plantation 

cover: grid squares in which only 5% of matrix land was pine plantation were predicted to 

have 43% more species than grid squares with no pine plantation cover for the lowest 

measured levels of native forest cover (Figure 2.1). Our sensitivity analysis suggested that 

this moderating effect of pine plantations on the relationship between species richness 

and native forest cover was unlikely to result from the unmeasured effects of pest control 
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intensity, but that the effect of native forest cover on species richness may have been 

weaker if we had accounted for pest control intensity in our model (see Appendix 2.1). 

 

Table 2.1. Parameter estimates and standard errors for the effects of native forest cover, pine 

plantation cover, and their interaction on the number of native forest birds recorded in a grid 

square. Remaining variables were not of specific interest, but were correlated with forest cover 

and/or pine cover so were included in models to control for potential confounding. Parameter 

estimates are given on the scale of the exponential link used in the Poisson GLMM. Definitions of 

model terms: Native = native forest cover; Pine = pine plantation cover; Native:Pine = interaction 

between native forest cover and pine plantation cover; Elev = mean elevation; Lat = latitude; 

Hetero = landscape heterogeneity; NumHabs = number of habitat categories searched during 

survey; PropHabs = proportion of habitat categories searched that were native forest habitats; 

SearchHours = number of hours searched per grid square. 

Variable    Estimate P-value 

   
Intercept  1.37 ± 0.23 <0.001 
Native  0.16 ± 0.01 <0.001 
Pine  0.14 ± 0.02 <0.001 
Native:Pine  ‐0.03 ± 0.00   <0.001 
Elev  0.01 ± 0.00  <0.001 
Lat  ‐0.01 ± 0.00   0.006 
Hetero  ‐0.08 ± 0.03   0.009 
NumHabs  0.02 ± 0.00 <0.001 
PropHabs  0.01 ± 0.00  <0.001 
SearchHours  0.08 ± 0.00  <0.001 
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Figure 2.1. Predicted effects of native forest cover on the number of native forest bird species 

recorded in a grid square, under different levels of pine plantation cover in remaining 'matrix' 

land. Predicted values were derived from the Poisson GLMM in Table 2.1, while holding all 

potential confounding variables constant at their mean levels. Pine cover was set at 0%, 5%, 25%, 

or 97% of all non‐forest ('matrix') land, representing the full range of values measured from the 

data.  

 

 

Our models of individual species occurrence did not support the hypothesis that pine 

plantations would reduce the effects of native forest loss on insectivorous species, but not 

on frugivores or nectarivores. Three insectivorous species (fantail, Rhipidura fuliginosa, 

grey warbler, Gerygone igata, and silvereye, Zosterops lateralis) appeared to be 
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ubiquitous, having a very high probability of occurrence regardless of levels of native 

forest or pine cover (Figure 2.2). Nonetheless, pine and/or native forest cover still had a 

significant effect on the occurrence of these species, presumably because of the very high 

statistical power of our models. Native forest cover had a significant positive effect on all 

remaining species, whereas pine cover significantly influenced all species except for one 

frugivore (kereru) and one insectivore (shining cuckoo, Chrysococcyx lucidus) (Figure 2.2). 

The estimated effect of pine across species was consistently similar to that of the species 

richness model: positive, and strongest at low levels of native forest cover (Figure 2.2). 



 

 

Figure 2.2. Predicted effects of native forest cover on the probability of occurrence of the 11 most 

common native forest bird species in a grid square, under different levels of pine plantation cover 

in remaining 'matrix' land. Species in the top row are primarily frugivores or nectarivores, whereas 

all other species are primarily insectivores. Pine cover was 

forest ('matrix') land, representing the full range of values measured from the data. Text in the top 
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Predicted effects of native forest cover on the probability of occurrence of the 11 most 

native forest bird species in a grid square, under different levels of pine plantation cover 

in remaining 'matrix' land. Species in the top row are primarily frugivores or nectarivores, whereas 

set at 0%, 5%, 25%, or 97% of all non‐

forest ('matrix') land, representing the full range of values measured from the data. Text in the top 
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right‐hand corner of each panel indicates a significant effect of native forest cover (N), pine cover 

(P), or their interaction (N:P). P < 0.05: *; P < 0.01: **; P < 0.001: ***. Predictions were made while 

holding all potential confounding variables constant at their mean levels.  

 

 

2.4 Discussion 

Understanding the factors that drive variability in the relationship between habitat cover 

and biodiversity may be crucial for predicting and managing the impacts of land use 

change on ecological systems. Plantation forests provide a low‐contrast matrix land use in 

forest biomes, and it has been suggested that the effects of native forest loss may be 

lower in landscapes where plantation forest cover is high (Norton & Miller, 2000; Zurita & 

Bellocq, 2010). In New Zealand, however, questions have been raised about whether 

exotic pine plantations represent sink habitat or even an ecological trap for some species, 

casting doubt on their conservation value (Pawson et al., 2010). Our results suggest that 

pine plantations may substantially reduce the effects of native forest loss on the diversity 

of native forest birds in New Zealand. We also found that the moderating effect of pine 

was relatively strong even with very modest amounts of pine plantation in the landscape. 

Together, these results suggest that plantation forests may play an important role in 

managing the effects of habitat loss on native bird communities in forest biomes. 

 

Two mechanisms may explain the moderating effect of pine plantations on the 

relationship between native forest cover and native forest birds. First, pine plantations 

may offset the effects of native forest loss by providing a substitute form of habitat 
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(Brockerhoff et al., 2008a). Alternatively, rather than providing habitat per se, pine 

plantations may reduce the effects of habitat fragmentation by providing a low‐contrast 

matrix land use that buffers edge effects or increases connectivity among native forest 

remnants (Brockerhoff et al., 2008a). Of course, these mechanisms are not mutually 

exclusive, and their relative influence is likely to vary among species depending on the 

extent to which pine plantations can meet each species’ resource requirements. 

 

We found no support for the hypothesis that pine plantations would benefit insectivorous 

species but not frugivores or nectarivores. Instead, species appeared to be less affected by 

native forest loss in landscapes with high pine plantation cover regardless of feeding guild. 

This a priori hypothesis about insectivorous species stemmed from an observation that 

insect food is typically abundant in pine plantations in New Zealand, whereas fruit and 

nectar resources are much less common than in native forest (Clout & Gaze, 1984). The 

consistency of the pine effect across feeding guilds may therefore support the 'reduced 

fragmentation effects' mechanism described above, at least for the frugivorous and 

nectarivorous species that we investigated. However, it may also be that fruit and nectar, 

while scarce in pine plantations, were still sufficiently common to support low‐density 

populations of fruit and nectar eaters, or to supplement populations that foraged 

primarily in native forest remnants. 

 

Our results suggest that even very modest amounts of pine plantation can strongly reduce 

the effects of native forest loss on bird diversity. This is perhaps unsurprising, given that 

there is often a 'decelerating curve' relationship between habitat amount and species 
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richness (e.g. Harte et al., 2009; Swift & Hannon, 2010; Hanski et al., 2013; this study). In 

other words, small increases in habitat amount tend to cause dramatic increases in 

species richness when habitat cover is low. This relationship may arise through direct 

effects of habitat amount, or because small increases in habitat amount tend to drastically 

reduce habitat fragmentation in low cover landscapes (Swift & Hannon, 2010). It is 

reasonable that small increases in pine cover would also dramatically increase species 

richness in landscapes with low native forest cover, given that pine probably provided 

substitute habitat and/or reduced fragmentation effects.  

 

The large scale of our analysis necessitated the use of the remotely‐sensed LCDB2 to 

derive measures of forest cover and pine cover for each grid square. As with any 

remotely‐sensed map of land cover, there is a degree of error in the LCDB2 classifications 

(Foody, 2002). As a result, we caution that some of our measured pine cover may in fact 

have been native forest cover. However, we consider it unlikely that this classification 

error strongly influenced our results. For the LCDB1 (the predecessor to the LCDB2) the 

misclassification rate of pine as native forest is estimated to be 1.8% (Dunningham et al., 

2000), and the LCDB2 is expected to be more accurate still (New Zealand Ministry for the 

Environment, http://www.mfe.govt.nz/issues/land/land‐cover‐dbase/classes.html, 

accessed May 2014). Conservatively assuming a 1.8% rate of misclassification of native 

forest as pine plantation, a grid square measured to have 5% pine cover would have 0.1% 

additional (unmeasured) native forest. The predicted values in Fig. 1 indicate that 

increasing native forest cover by 0.1% has far weaker effects on species richness than 
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increasing plantation cover by 5%, suggesting that this level of misclassification cannot 

account for the effect of pine plantations that we observed. 

 

We stress that our results do not justify the removal of native forest cover to make way 

for plantation forests. This practice is now uncommon in New Zealand, but does still occur 

(Brockerhoff et al., 2008b). While we found that pine may strongly reduce the effects of 

native forest loss on forest bird communities, bird diversity was still predicted to be higher 

in grid squares dominated by native forest than grid squares dominated by pine. 

Moreover, pine plantations are felled and replanted regularly (with a rotation length of c. 

30 years; Pawson et al., 2010), and are likely to provide poorer feeding and roosting 

habitat than native forest for some species (Clout & Gaze, 1984). Consequently, 

replacement of native forest with pine could decrease the density of forest birds 

considerably, even if diversity declines only slightly.  

 

2.4.1 Conclusions 

Our results suggest that plantation forests can play a major role in predicting and 

managing the impacts of habitat loss on bird communities in forest biomes. Native forest 

loss is likely to have considerably greater impacts in those landscapes without plantation 

forest cover, while the conversion of even a small proportion of agricultural matrix to 

plantation forest could provide a relatively rapid and cost‐effective way to increase 

species richness in production landscapes low in native forest cover. Conversely, large‐

scale conversion of plantation forests to high‐contrast agricultural land uses – as is 

currently underway in New Zealand – may substantially reduce the diversity of forest bird 



34 
 

communities in those landscapes where native forest cover is low. Many regions in New 

Zealand have suffered very high levels of native forest loss, and the diversity of forest bird 

communities in these regions appears to depend on the availability of exotic pine 

plantations. 

 

Supporting information 

Supporting information for this chapter can be found in Appendix 2, starting at page 189. 
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Abstract 

Forest edges can strongly affect avian nest success by altering nest predation rates, but 

this relationship is inconsistent and context dependent. There is a need for researchers to 

improve the predictability of edge effects on nest predation rates by examining the 

mechanisms driving their occurrence and variability. In this study, we examined how the 

capture rates of ship rats, an invasive nest predator responsible for avian declines globally, 

varied with distance from the forest edge within forest fragments in a pastoral landscape 

in New Zealand. We hypothesised that forest edges would affect capture rates by altering 

vegetation structure within fragments, and that the strength of edge effects would 

depend on whether fragments were grazed by livestock. We measured vegetation 

structure and rat capture rates at 488 locations ranging from 0 – 212m from the forest 

edge in 15 forest fragments, seven of which were grazed. Contrary to the vast majority of 

previous studies of edge effects on nest predation, ship rat capture rates increased with 

increasing distance from the forest edge. For grazed fragments, capture rates were 

estimated to be 78% lower at the forest edge than 118 m into the forest interior (the 
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farthest distance for grazed fragments). This relationship was similar for ungrazed 

fragments, with capture rates estimated to be 51% lower at the forest edge than 118 m 

into the forest interior. A subsequent path analysis suggested that these 'reverse' edge 

effects were largely or entirely mediated by changes in vegetation structure, implying that 

edge effects on ship rats can be predicted from the response of vegetation structure to 

forest edges. We suggest the occurrence, strength, and direction of edge effects on nest 

predation rates may depend on edge‐driven changes in local habitat when the dominant 

predator is primarily restricted to forest patches. 

 

3.1 Introduction 

The majority of the world’s forests are fragmented by human activities to some extent 

(Bryant et al., 1997), and the species that occur within them are vulnerable to the impacts 

of forest fragmentation. Moreover, the extent of forest fragmentation is likely to increase 

dramatically into the foreseeable future as the human population and its resource 

requirements grow (Foley et al., 2005; Day et al., 2009). Understanding the impacts of 

forest fragmentation on ecological systems is therefore fundamentally important for 

effective conservation management in many regions, and has become a major focus for 

conservation research in recent decades (Ewers & Didham, 2006). 

 

One potential impact of forest fragmentation that has received considerable attention is 

the effect of forest edges on predation rates of forest birds’ nests (Murcia, 1995; Lahti, 

2009). Nest predation is the major cause of nest failure in birds, and is believed to strongly 

influence the population dynamics of many species (Martin, 1993; Newton, 1998). Causes 
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of variability in nest predation rates are therefore of substantial interest to ecologists and 

conservation managers (Lahti, 2009), and there are now many hundreds of studies 

describing the relationship between nest predation rates and distance from the forest 

edge.  

 

As a result of this research, forest edges are widely believed to reduce nest success by 

increasing rates of nest predation (Lahti, 2001). However, although several reviews of the 

topic have shown that predation rates can indeed be greater at forest edges (Paton, 1994; 

Andrén, 1995; Batary & Baldi, 2004), there is a growing body of evidence which suggests 

that these effects are inconsistent and context dependent (Andrén, 1995; Donovan et al., 

1997; Lahti, 2001; Chalfoun et al., 2002; Falk et al., 2011; Cox et al., 2012). This variability 

presents a significant issue for predicting and managing the effects of forest 

fragmentation on birds. The challenge for researchers is to understand the factors that 

give rise to edge effects, as well as those that moderate their influence, so that the 

impacts of fragmentation can be predicted and managed effectively (Murcia, 1995; 

Debinski & Holt, 2000; Ewers & Didham, 2006). For this reason, there is a need for 

researchers to move beyond simply describing edge effects on nest predation rates to 

identifying the mechanisms underlying their occurrence and strength (Murcia, 1995; 

Thompson et al., 2002; Tewksbury et al., 2006). In particular, because edge effects on nest 

predation are likely to depend to a large degree on the response of predators to 

fragmentation‐induced changes in habitat, a primary focus of research should be the 

relationships between forest edges, habitat characteristics, and the abundance or activity 

of dominant nest predators (Storch et al., 2005; Lahti, 2009; Falk et al., 2011). This point 
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has largely been overlooked, but might well be the key to understanding the observed 

variability in edge effects on nest predation (Lahti, 2009). 

 

Additionally, because variability in edge effects is likely to be due, at least in part, to 

differences among predators (Nour et al., 1993; Paton, 1994; Chalfoun et al., 2002; Lahti, 

2009; Cox et al., 2012), there is an urgent need for studies of edge effects on nest 

predation in a more representative range of regions (Batary & Baldi, 2004). At present, the 

vast majority of studies have been conducted in North America or Europe, with only a 

handful in the southern hemisphere (Chalfoun et al., 2002; Batary & Baldi, 2004). 

Overcoming this geographical bias will be important both for region‐specific management 

and for providing insights into the generality of existing theory which has been derived 

primarily from North American and European systems.  

 

The ship rat (Rattus rattus; also known as the black rat) is a globally invasive nest predator 

which has been widely implicated in the declines of birds and other taxa in many regions, 

particularly where prey species are naive to mammalian predators (e.g. MacFarland et al., 

1974; Moors et al., 1992; Towns & Daugherty, 1994; Monteiro et al., 1996; Martin et al., 

2000; Jouventin et al., 2003; Pryde et al., 2005; Harris & Macdonald, 2007; Innes et al., 

2010a). In New Zealand, for example, ship rats are thought to be the primary predator of 

the eggs and chicks of forest birds (Innes, 2001). However, despite their major impact on 

the viability of bird populations in many systems, we know of only two studies that have 

examined the effects of forest edges on ship rats. Delgado et al. (2009) examined the 

effects of forest edges on seed predation rates by ship rats in the Canary Islands. They 
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found that predation rates were higher at the forest edge than in the forest interior, and 

hypothesised that higher vegetation density at the forest edge may have been 

responsible. In contrast, Christie et al. (2009) found that ship rat capture rates in New 

Zealand forests were lower at the forest edge, although they did not discuss potential 

reasons for this finding. 

 

In this study, we examined the effects of forest edges on ship rat capture rates (which we 

used as a proxy for nest predation risk) in forest fragments in a pastoral landscape in New 

Zealand. We took a mechanistic approach, examining how local habitat characteristics 

might give rise to edge effects as well as causing variability in those effects. Based on 

previous findings that ship rat encounter rates correlate with vegetation structure (Innes 

et al., 2010b; Getzlaff et al., 2013) and that vegetation structure is often affected by forest 

edges (Murcia, 1995), we hypothesised that effects of forest edges on rat capture rates 

would operate via changes in vegetation structure within forest patches. Moreover, 

because vegetation structure can also be strongly affected by livestock grazing (Hobbs, 

2001; Smale et al., 2008), we additionally hypothesised that the effects of forest edges on 

rat capture rates would vary depending on whether forest fragments were grazed by 

livestock. Such an interaction could arise, for example, if grazing overwhelmed any effects 

of edge distance on vegetation structure or if grazing itself was concentrated at the forest 

edge.  

 

Our specific aims were to (1) examine whether ship rat capture rates vary with distance 

from edge in forest fragments in New Zealand; (2) examine if livestock grazing causes 
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variability in the strength of this relationship; and (3) determine the mechanisms 

underlying both the occurrence of edge effects and variability in their strength, by testing 

the hypothesis that edge effects on rat capture rates are mediated by changes in 

vegetation structure. 

 

3.2 Methods 

3.2.1 Study design and data collection 

The study took place near the town of Benneydale (75° 220ʹE, 38° 320ʹS), in the Waikato 

region of central North Island. The landscape consists primarily of remnants of mature 

native podocarp‐broadleaf forest dominated by tawa (Beilschmiedia tawa) in a matrix of 

pastoral farming. Native forest cover is approximately 23% of the landscape, as measured 

in ArcGIS (version 10.0) from the New Zealand Land Cover Database in a 10km radius from 

the centre of the study area. Remnants in the area contain most of the common native 

and exotic birds found in forests throughout mainland New Zealand, and many of these 

native species are believed to be affected by nest predation from ship rats (Innes et al., 

2010a). Most notably, the viability of a North Island robin (Petroica longipes) population 

distributed among these remnants has been shown to depend on a low abundance of ship 

rats (Armstrong et al., 2014). 

 

Rats were sampled in 13 forest patches, ranging from 2‐19 ha. Six of these were fenced to 

exclude livestock, five were grazed, and a further two contained a fenced and an unfenced 

section. The fenced and unfenced sections of these partly fenced patches were treated as 
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separate patches for our analyses, and hereafter we refer to a sample size of 15 patches. 

There was no targeted rat control in any of the patches at the time the study began.  

Rats were captured during a kill trapping program which was part of a wider study on the 

effects of ship rats on North Island robins. Victor snap traps, placed within handmade 

corflute tunnels and pegged to the ground, were laid out on a 50 m grid throughout the 

entire area of each patch. These were left in place for 4‐5 months prior to trapping to 

reduce rat neophobia, then baited with peanut butter, set, and checked the following day 

to see if they caught a rat. Individual patches were trapped in August of either 2008 or 

2009, with no replication across years. Trapping was conducted on the same night for all 

patches within each year. The Massey University Animal Ethics Committee determined 

that trapping did not require ethics approval, but the traps used pass the humaneness 

standard for vertebrate control set by New Zealand’s National Animal Welfare Advisory 

Committee (Beausoleil et al., 2010).  

 

In total, we deployed 488 traps across our 15 patches, with the number of traps per patch 

ranging from 5 – 76 (mean = 35). The location of each trap was recorded with a handheld 

GPS. We used Google Earth's drawing tools to create polygons that mapped the boundary 

of each forest patch, then used ArcGIS to measure the distance from each trap to the 

nearest polygon boundary. We estimate measurement error for patch boundaries to be ~ 

+/‐ 10m, a similar scale to GPS measurement error. Estimated distance of traps from the 

forest edge ranged from 0 – 212 m. Patch sizes were similar between grazed and ungrazed 

patches (Supplementary Table 3.1).  
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We used the binomial data on whether a trap caught a rat over a single night as the 

response variable in our statistical models (see below). We chose this response variable 

because of its similarity to the 'rat tracking rate' (RTR) index, which measures the 

proportion of footprint tracking tunnels tracked by rats (or equivalently, the probability 

that an individual tunnel will be tracked) over a single night, for tunnels spaced at 50 m 

and baited with peanut butter. The RTR index is the standard protocol used as a proxy for 

rat abundance in New Zealand (Gillies & Williams, 2013), and has been shown to relate to 

predation risk for several bird species (Innes et al., 1999; Innes et al., 2004; Armstrong et 

al., 2006). Moreover, it may be a better measure of nest predation rates than artificial 

nests (Getzlaff et al., 2013). As a result, we believe that our response variable was likely to 

reflect the risk of nest predation from ship rats. The use of snap traps within our tunnels 

allowed us to identify rats as ship rats (as opposed to Norway rats, Rattus norvegicus, 

which are also occasionally caught in mainland New Zealand forests (Innes, 2001)). 

 

To examine whether effects of edge distance on rat capture rates operated via changes in 

vegetation structure, we took a number of measurements to quantify the structure of the 

vegetation in a 15 m radius around each trap: (1) understorey density, scored as either 0 

('sparse'), 1 ('average'), or 2 ('dense'); (2) percent cover of dead tree fern fronds on the 

ground; (3) percent cover of living vegetation <1.5m above ground; (4) percent canopy 

cover; (5) average canopy height, scored as either 0‐5m, 5‐15m, or >15m; and (6) 

presence of vines (supplejack, Ripogonum scandens). We selected this set of variables 

because we believed that together they captured the variation in vegetation structure 
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that we observed among our trap sites. Variables 1‐5, which were difficult to measure 

objectively, were measured by two observers and averaged.  

 

3.2.2 Statistical analyses  

3.2.2.1 Net effects of distance from edge and livestock grazing on rat capture probability 

Initially, we used binomial generalised linear mixed models ('GLMMs') to examine the net 

effects of distance from forest edge, livestock grazing, and their interaction on the 

probability of rat capture (i.e. without examining the hypothesised pathways via altered 

vegetation structure). GLMMs were fitted using the 'lme4' package (Bates et al., 2011) in R 

version 2.13.1 (R Core Team, 2012). We used binomial GLMMs because trapping outcome 

was a binary variable, and because of the hierarchical structure of our data (traps nested 

within patches). Patch was included as a random factor in these models to account for this 

nesting. 

 

We developed five candidate models that included all combinations of distance from 

edge, livestock grazing, and their interaction as predictors of rat capture probability, 

including an intercept‐only null model, then used AIC to estimate which of these models 

best described variation in rat capture probability. Where there were multiple models that 

were reasonably well supported by the data (i.e. a ΔAIC of <4 (Burnham & Anderson, 

2002)), we used the 'model.avg' function in the R package 'MuMIn' (Barton, 2013) to 

average parameter estimates across these models. This approach reduces bias in 

parameter estimates when multiple models are similarly likely (Burnham & Anderson, 

2002). 
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3.2.2.2 Testing the role of vegetation structure in edge effects and livestock grazing 

effects 

We used path analysis to test our hypothesis that distance from edge, livestock grazing, 

and their interaction affected rat capture probability via changes in vegetation structure. 

Path analysis allowed us to test support for this hypothesised causal structure, and to 

estimate edge and grazing effects on rat capture probability while also accounting for any 

indirect effects that were mediated by vegetation structure (Grace, 2006; Appendix 1.1). 

We used generalised multilevel confirmatory path analysis (Shipley, 2009), which allowed 

us to account for the nesting of traps within forest patches and binomial rat capture data 

(Shipley, 2009).  

 

Generalised multilevel confirmatory path analysis does not allow for reciprocal effects 

among variables (Shipley, 2009). However, most of our six measured vegetation variables 

were correlated with one another, and we could not rule out the possibility that they were 

reciprocally related. For example, a high cover of dead tree fern fronds was likely to 

reduce the recruitment of seedlings into the understorey, while at the same time a dense 

understorey was likely to suppress the growth of tree ferns. To avoid the possibility of 

reciprocal relationships, we took the conservative approach of including only two 

vegetation variables in our path models: understorey density and presence of vines. These 

two variables were not correlated with each other but together were correlated with all 

other vegetation variables.  
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However, this conservative approach could potentially underestimate the extent to which 

vegetation structure mediated the effects of forest edges and livestock grazing on rat 

capture rates, because any variation in vegetation structure that was not captured by 

understorey density or the presence of vines could be attributed to paths not mediated by 

these variables. We therefore conducted a sensitivity analysis to examine whether the 

inclusion of additional measures of vegetation structure would increase the extent to 

which edge effects were mediated by vegetation structure in our path model (see 

Appendix 3.1). To do this, we converted our six vegetation variables into four uncorrelated 

principal components axes, which together explained 83% of variation in vegetation 

structure, and used these components as the measures of vegetation structure in our path 

models. We did not use this approach in our main analysis because the inclusion of 

principal component axes may have reduced our ability to reject incorrectly specified path 

models (Appendix 3.1). 

 

In developing the causal structure of our path model, we initially constructed a 'full' 

version of our hypothesised model which included all possible paths consistent with our 

hypothesis: (1) distance from edge, livestock grazing, and their interaction all influenced 

the two vegetation variables, and (2) both vegetation variables affected rat capture 

probability. We also included direct paths from distance from edge to rat capture 

probability and from livestock grazing to rat capture probability, to allow for any effects of 

these variables on rat capture probability that did not operate through our measured 

vegetation variables (Figure 3.1a). 
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Figure 3.1. Alternative models of causal relationships between edge distance, grazing, vegetation 

structure, and rat capture probability. A: model hypothesised in this study, in which distance from 

forest edge and grazing indirectly influenced rat capture probability by driving changes in 

vegetation structure, and in which grazing altered the strength of the distance from edge effect; B: 

an alternative 'direct edge effects' model, where livestock grazing effects on rat capture 

probability were mediated by vegetation structure, but edge effects were not; C: an alternative 

'direct effects only' model, where distance from forest edge, livestock grazing, and their 

interaction affected vegetation structure variables and rat capture probability, but where neither 

edge effects nor livestock grazing effects on rat capture probability were mediated by vegetation 

structure. Black arrows represent variables which alter the strength of the relationship they feed 

into (i.e. interaction effects). 
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We attempted to reduce this full model into a more parsimonious one by dividing it into a 

series of sub‐models, one for each endogenous variable (i.e. a variable with paths leading 

into it) in the path model. Each of these sub‐models was a standard mixed effects model, 

with the endogenous variable as the response variable and all variables directly 'upstream' 

of it as its predictors (Shipley, 2009; Laliberté & Tylianakis, 2012). These models included 

patch as a random factor, and were either linear mixed models ('LMMs'; vegetation 

variables as response) or binomial GLMMs (rat capture probability as response). LMMs 

and GLMMs were fitted with the 'nlme' package (Pinheiro et al., 2013) and 'lme4' package, 

respectively, in R. We fitted these models with restricted maximum likelihood ('REML'), 

inspected plots of residuals against fitted values and against each predictor, and where 

necessary dealt with heterogeneity using nlme’s 'varIdent' function (Zuur et al., 2009). We 

then attempted to reduce the number of paths in each sub‐model by re‐fitting them with 

maximum likelihood and using backwards selection based on AIC (Laliberté & Tylianakis, 

2012). 

 

Reduced models were re‐fitted with REML, re‐validated, and then reassembled into our 

final, most parsimonious path model (Laliberté & Tylianakis, 2012). The overall fit of this 

final path model was then tested using Shipley’s (2009) d‐sep test for generalised 

multilevel path models. This test involves identifying a set of 'independence claims' (pairs 

of variables which should be uncorrelated under statistical control if the path model is 

correct), then measuring whether observed levels of correlation across all independence 

claims can be explained by random variation (Shipley, 2009). For our final path model, 
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path coefficients were calculated as the estimated slopes of each of the retained variables 

in the final LMM and GLMM sub‐models (Shipley, 2009).  

 

Path analyses sometimes calculate path coefficients based on standardised variables to 

enable measurement of the relative strengths of the different pathways (e.g. Laliberté & 

Tylianakis, 2012). We did not take this approach, instead using unstandardised versions of 

all variables. This was because different path coefficients had different interpretations as a 

result of different transformations of predictor variables (distance from edge was square 

root transformed, while other variables were untransformed; see below) and different link 

functions for response variables (logit link for rat captures, identity link for other variables) 

used in models.  

 

3.2.2.3 Alternative causal models 

A lack of evidence against a hypothesised path model does not necessarily mean that it is 

correct, so researchers should also consider alternative models that could plausibly 

explain relationships among variables (Grace, 2008). We developed two alternative 

models that could plausibly explain relationships between distance from edge, livestock 

grazing, vegetation, and rat capture probability: (1) a 'direct edge effects' model, where 

livestock grazing effects on rat capture probability were mediated by vegetation structure, 

but edge effects were not (Figure 3.1b); and (2) a 'direct effects only' model, where 

neither edge effects nor livestock grazing effects on rat capture probability were mediated 

by vegetation structure (Figure 3.1c). We used the d‐sep test (Shipley, 2009) to determine 

whether there was also support for these causal relationships among variables. 
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3.2.2.4 Data transformations 

Distance from edge was square‐root transformed prior to all analyses, for two reasons. 

First, some of the paths in our models were modelled with LMMs, and the square‐root 

performed best out of a range of transformations at linearising relationships among 

variables. Second, this transformation forced fitted values of the relationship between 

distance from edge and rat capture probability to be a decelerating curve, rather than the 

sigmoidal curve fitted by a standard binomial GLMM on untransformed predictor 

variables. We considered a decelerating curve to be a more biologically realistic shape for 

edge effects, because changes are expected to be greatest near the forest edge. 

 

3.3 Results 

We caught rats in 22% of our traps across all patches (108 rats across 488 traps), all of 

which were ship rats. Rat capture rates varied widely among patches, with the proportion 

of traps that caught rats ranging from 0% to 65%. 

  

3.3.1 Net effects of distance from edge and livestock grazing on rat capture probability 

In our initial 'net effects' models of the effects of distance from edge and livestock grazing 

on rat capture probability, AIC suggested the global model was best (i.e an effect of 

distance from edge, grazing, and their interaction), but there was a similar weight of 

evidence (Δ AIC <1) for all three models that included a distance effect (i.e. the global 

model, the distance and grazing main effects model, and the distance‐only model). In 

contrast, there was little evidence to support the livestock grazing‐only or intercept‐only 
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models (Δ AIC >4) (Supplementary Table 3.2). We therefore used a model averaging 

approach to estimate parameters across the three models that included a distance effect.  

 

Fitted values from these model‐averaged parameters showed that rat capture probability 

clearly increased with distance from edge. In forest fragments grazed by livestock, capture 

probabilities were estimated to be 78% lower at the forest edge than 118 m into the 

forest interior (the greatest distance measured in unfenced fragments) (Figure 3.2). This 

trend was similar in fragments from which livestock were excluded, with capture 

probabilities estimated to be 51% lower at the forest edge than 118 m into the forest 

interior. These ungrazed fragments also tended to have higher rat capture probabilities for 

a given distance from the forest edge (Figure 3.2). However, unconditional confidence 

intervals marginally overlapped zero for the effects of distance, grazing, and their 

interaction (Supplementary Table 3.3). Nonetheless, we believe there is strong support for 

an effect of edge distance on rat capture rates. First, unconditional confidence intervals 

are conservative in that they incorporate uncertainty in model structure. Second, only 

those models which included a distance effect were well‐supported as judged by AIC 

(Supplementary Table 3.2), and a distance main effect was significant in each of these 

models (distance‐only model: p=0.01; main effects model: p=0.02; full model: p=0.01).  

 



 

 

Figure 3.2. Model‐predicted values for the

distance from forest edge. Values were predicted separately for those patches that were grazed by 

livestock (grey lines) and those that were not (black lines). Dotted lines show 95% confidence 

intervals for predicted values. The truncated values for grazed patches reflect the reduced range 

over which edge distances were measured in these patches. 
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predicted values for the relationship between rat capture probability and 

distance from forest edge. Values were predicted separately for those patches that were grazed by 

livestock (grey lines) and those that were not (black lines). Dotted lines show 95% confidence 

predicted values. The truncated values for grazed patches reflect the reduced range 

over which edge distances were measured in these patches.  
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relationship between rat capture probability and 

distance from forest edge. Values were predicted separately for those patches that were grazed by 

livestock (grey lines) and those that were not (black lines). Dotted lines show 95% confidence 

predicted values. The truncated values for grazed patches reflect the reduced range 
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3.3.2 Mediating effects of vegetation structure on edge effects and livestock grazing 

effects 

Backwards variable selection within sub‐models allowed us to simplify our hypothesised 

path model (i.e. the model in which the effects of forest edges and livestock grazing on rat 

capture probability were mediated by vegetation structure; Figure 3.1a). This resulted in 

the removal of the direct effect of livestock grazing on rat capture probability, as well as 

the livestock grazing by distance from edge interaction on the presence of vines (Figure 

3.3). This model provided a good fit to the data (d‐sep test, 2 = 8.98, df = 8, p = 0.344). In 

contrast, our two alternative path models which also could have plausibly explained 

relationships among distance from edge, livestock grazing, vegetation structure and rat 

capture probability (Figure 3.1b,c) were both rejected by the d‐sep test (p < 0.05), 

providing further support for our hypothesised path model. 

 

In line with our causal hypothesis, path coefficients for the final reduced path model 

(Figure 3.3) suggested that the effects of distance from edge on rat capture probability 

were largely mediated by changes in vegetation structure: the understorey became 

denser and vines became more common with increasing distance from the forest edge, 

and these in turn were associated with increased rat capture probability. The model also 

suggested a significant direct effect of distance from edge on rat capture probability which 

operated independently of our measures of vegetation structure. However, part of this 

direct effect of distance from edge may have included vegetation‐mediated effects which 

were not captured by our two vegetation structure variables. Indeed, a sensitivity test 

found that this direct effect weakened and became non‐significant when the model 
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included additional measured variation in vegetation structure (Supplementary Figure 

3.1). Our path model also suggested that livestock grazing had a negative effect on rat 

capture probability, which was mediated by changes in vegetation structure (Figure 3.3). 

Finally, the model suggested that grazing altered the strength of the vegetation‐mediated 

effect of distance from edge on rat capture probability, with the effects of distance from 

edge on understorey density being weaker in grazed than ungrazed fragments (Figure 

3.3). 
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Figure 3.3. Final path model showing relationships between distance from forest edge, grazing, 

vegetation structure, and rat capture probability. Plus/minus symbols at each arrow head show a 

positive/negative effect, and asterisks denote significance of each path: *** <0.001; ** <0.01; 

*<0.05; ns=not significant. Dotted arrows show non‐significant paths, and black arrows show 

variables which alter the strength of the relationship they feed into (i.e. interaction effects). Note 

that path coefficients are not directly comparable because of different scales of measurement of 

predictor variables (distance square root transformed; other variables untransformed) and 

different link functions for response variables (logit link for rat capture probability; identity link for 

other variables) used in models. 
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3.4 Discussion 

Predicting and managing the effects of forest edges on nest predation rates requires an 

understanding of the mechanisms driving their occurrence, but few studies have moved 

beyond describing spatial variation in nest predation rates to testing hypotheses about the 

underlying causes (Murcia, 1995; Tewksbury et al., 2002; Thompson et al., 2002; Lahti, 

2009). In this study, path analysis allowed us to identify edge‐driven changes in vegetation 

structure as a major driver of edge effects on the capture rates of ship rats, a globally 

invasive nest predator. Vegetation structure has been found to correlate with nest 

predation rates previously (Major & Kendal, 1996; Martin & Joron, 2003; Spanhove et al., 

2009), although we know of no studies that have identified change in vegetation structure 

as a driver of edge effects on nest predation. We also found that the relationships 

between forest edges, vegetation structure, and ship rats gave rise to 'reverse' edge 

effects in our study system, in which rat capture rates were higher in the interior of forest 

fragments than at the forest edge. This finding contrasts with the common assumption 

that forest edges increase nest predation rates (Lahti, 2001), and supports a growing body 

of evidence which suggests that edge effects on nest predation rates are inconsistent, 

context dependent, and ultimately unpredictable without an understanding of the 

mechanisms involved (e.g. Nour et al., 1993; Hartley & Hunter, 1998; Chalfoun et al., 

2002; Spanhove et al., 2009; Falk et al., 2011; Cox et al., 2012).  

 

The 'within patch' mechanism underpinning edge responses in our study system contrasts 

with the widely held belief that edge effects on nest predation rates result from large‐

scale processes that operate beyond individual forest patches (e.g. Hartley & Hunter, 
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1998; Chalfoun et al., 2002; Thompson et al., 2002; Lahti, 2009). In particular, the most 

frequently cited mechanism for edge effects on nest predation rates is 'matrix spill‐over', 

where generalist predators reach high densities in adjacent matrix land uses and then 

forage in forest remnants, leading to elevated nest predation at the forest edge (Andrén & 

Angelstam, 1988; Chalfoun et al., 2002; Githiru et al., 2005; Storch et al., 2005; Lahti, 

2009). Matrix spill‐over is likely to cause edge effects wherever dominant nest predators 

(1) increase in response to matrix land uses and (2) range across both forest and matrix 

habitats. However, while this has often proven true for predator communities in the 

temperate northern hemisphere studies that have dominated the literature (Thompson et 

al., 2002; Cox et al., 2012) it was unlikely to be the case in our study system, because ship 

rats typically decrease in response to pastoral land use and remain within forest habitats 

(Dowding & Murphy, 1994; Innes, 2001).  

 

Instead, ship rats responded to edge‐driven changes in habitat within forest patches, 

resulting in capture rates that were higher in the forest interior than at the forest edge. 

This response may have occurred via the movement of individuals, since the typical home 

range length of a ship rat (100‐300 m; Innes et al., 2010b) would encompass multiple 

traps, or via population‐level changes in local abundance. It may also underlie the results 

of a previous study which found the same 'reverse' edge effects on ship rat capture rates 

in New Zealand forests (Christie et al., 2009). We expect low matrix spill‐over for other 

matrix types in New Zealand (for example, urban areas, plantation forests, or cropland), 

since ship rats also decrease in response to these land uses (King et al., 1996; Innes, 2001; 

Morgan et al., 2009). 
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We suggest that where dominant nest predators are primarily forest species that do not 

range across forest and matrix habitats, edge effects on nest predation rates may be more 

closely tied to changes in habitat within forest patches than to changes in habitat in the 

wider landscape. In these cases, forest edges may have positive, neutral, or negative 

effects on nest predation rates, depending on if and how important resources for 

dominant predators vary with distance from the forest edge. This is in line with 

suggestions that variability in edge effects on nest predation may largely result from 

differences in habitat use by different predator communities (Nour et al., 1993; Lahti, 

2009; Falk et al., 2011; Cox et al., 2012).  

 

Our net effects models suggested that livestock grazing reduced the capture rates of ship 

rats, and path analysis indicated that this effect was also mediated by vegetation 

structure. These results support previous findings on the effects of livestock grazing on 

ship rat capture rates in New Zealand (Innes et al., 2010b). In contrast, evidence for our 

hypothesis that livestock grazing altered the strength of edge effects on rat capture rates 

was equivocal. In support of this hypothesis, our path analysis suggested that grazing 

moderated the effect of distance from edge on vegetation structure, which in turn 

influenced rat capture probability. Similarly, our AIC‐best net effects model specified that 

the effect of distance from edge on rat capture probability depended on whether 

fragments were grazed. However, there was similar support for models in which edge 

effects operated independently of grazing effects, and model‐averaged fitted values 
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suggested that any moderating influence of livestock grazing on the effect of forest edges 

on rat capture rates was weak. 

 

Although we identified vegetation structure as a major mechanism underlying both edge 

effects and livestock grazing effects on rat capture rates, vegetation structure was 

potentially correlated with a large number of other variables that determine habitat 

quality for ship rats. For example, microclimate, vegetation composition, and densities of 

ship rat prey (primarily invertebrates; Innes, 2001) and ship rat predators (primarily stoats 

Mustela erminea, but also feral cats Felis catus, weasels M. nivalis, and ferrets M. 

putorius; Innes, 2001) may have been correlated with vegetation structure (e.g. Young & 

Mitchell, 1994; Murcia, 1995; Humphrey et al., 1999) and were likely to influence habitat 

quality for ship rats. Moreover, while our path model included understorey density and 

presence of vines as our measures of vegetation structure, these variables were also 

correlated with our additional vegetation variables (canopy height, canopy cover, cover of 

dead tree fern fronds, and cover of living vegetation <1.5 m above ground). As such, ship 

rats may not have been responding to understorey density and the presence of vines per 

se, but these variables may instead have been proxies for the true measures of habitat 

quality that influenced ship rat capture rates. 

 

It is also important to point out that the density of birds' nests might well be correlated 

with vegetation structure. If so, it is possible that increases in rat density could be 

balanced by increases in nest density, such that ship rat capture rates become decoupled 

from per capita (i.e. per‐nest) predation rates. Such a decoupling could occur, for 
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example, if rats become satiated at high nest densities and decrease their per capita rate 

of predation (i.e. a Type II or Type III functional response; Holling, 1959). We know of no 

studies which have found that nest density increases with increasing vegetation structure 

for any of the native bird species found in our study area, although this relationship has 

been found for a species which occurs elsewhere in New Zealand (saddleback Philesturnus 

carunculatus; Steffens et al., 2005). 

 

Our path analysis suggested that there were additional effects of distance from edge on 

rat capture probability that were not mediated by understorey density or presence of 

vines. While this may reflect the fact that forest edges affect rat capture rates in ways 

unrelated to vegetation structure, it is also likely that this 'direct path' at least partially 

represented the effects of vegetation structure on rat capture rates that were not 

captured by understorey density and vines alone. Indeed, in a sensitivity analysis that 

included all six of our original vegetation variables as an orthogonal set of principle 

components (to avoid potential reciprocal effects among variables), the direct path 

between distance from edge and rat capture probability weakened and became non‐

significant (Supplementary Figure 3.1). This suggests that the observed direct path 

between distance from edge and rat capture probability may be a consequence of the 

small number of variables we used to characterise vegetation structure. 

 

Our study highlights the value of a mechanistic approach for understanding variability in 

edge effects on nest predation rates and for predicting how forest edges will affect the 

abundance or impacts of ship rats elsewhere. Our approach suggested that changes in 
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vegetation structure largely mediated both the occurrence of edge effects on rat capture 

probability and variability in their strength due to livestock grazing. This implies that edge 

effects on ship rats can be predicted from the response of vegetation structure to forest 

edges. Although our measures of vegetation density increased with distance from the 

forest edge, the reverse is often true (Murcia, 1995; Didham & Lawton, 1999), even within 

other lowland podocarp‐broadleaf forests in New Zealand (Young & Mitchell, 1994). This 

suggests that edge effects on ship rats may reverse in other systems. Support for this 

suggestion comes from a previous study of edge effects on ship rats in the Canary Islands, 

where vegetation density was higher at the edge than in the forest interior (Delgado et al., 

2001). As predicted by our path model, ship rat density was also higher at the forest edge, 

the opposite trend to that found in our study (Delgado et al., 2001). These results suggest 

that variability in edge effects on ship rats can be understood and predicted, even to the 

point of changing sign, based on an understanding of how vegetation structure responds 

to forest edges. Our results also raise the possibility of reducing the impacts of ship rats by 

reducing the structural complexity of vegetation within patches, although this strategy 

would generally be inappropriate in New Zealand given that native forest of high 

conservation value is often characterised by a structurally complex understorey (Innes et 

al., 2010b).  

 

Path analysis is a promising approach for understanding the roles of forest edges and local 

habitat in influencing nest predation rates. However, studies of edge effects by their very 

nature tend to produce hierarchically structured data (i.e. measurements are taken at 

multiple distances from edge across several forest patches) and non‐normal response 
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variables (e.g. predator capture probability, predator counts, or daily predation rates of 

real or artificial nests), making analysis with traditional path modelling methods difficult 

(Shipley, 2009). Recent methodological developments that enable the inclusion of random 

effects and non‐normal response variables in path models, such as generalised multilevel 

confirmatory path analysis, make path analysis a powerful approach for understanding the 

mechanisms that underlie edge‐driven changes in nest predation rates. 

 

Supporting information 

Supporting information for this chapter can be found in Appendix 3, starting at page 205. 
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Abstract 

Improving decision‐making about where and how invasive species management is 

conducted requires a better understanding of spatial variation in pest abundance and the 

extent to which different pest control regimes reduce those abundances. We measured 

how the relative abundance of invasive rats and possums, indexed at 147 forest sites 

across the Auckland region, varied in response to forest cover, local vegetation, 

urbanisation, climate and topography, and the category of pest control at the site: no 

control (NC), periodic possum (PP), low‐intensity rat and possum (LRP), and high‐intensity 

rat and possum (HRP). We found that HRP had large and highly significant effects on pest 

abundance indices, with model‐predicted values for the rat index that were 99% lower 

than in areas of no control, and 91% lower for the possum index. In contrast, indices did 

not differ significantly among NC, PP, and LRP. Climate and topography strongly influenced 

the rat index, while vegetation strongly influenced both indices. There was no measurable 

effect of forest cover on either index. We conclude that climate, topography, and local 

vegetation may be useful for predicting pest impacts and prioritising locations for pest 

control. Where control is required, PP and LRP may be of limited value, at least in terms of 
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the 'average' operation in our study region. PP and LRP regimes dominate conservation 

pest control operations across New Zealand, but our results raise questions about how 

often their costs are justified. Explaining the substantial variation in index values among 

these operations in terms of the specific control methods employed should be a priority 

for future research. 

 

4.1 Introduction 

Invasive species are one of the major threats to biodiversity worldwide (Sala et al., 2000), 

but their management ('pest control') is rarely straightforward. Pest control is expensive, 

and there are typically only sufficient resources available to control a fraction of the area 

in which threats from invasive species occur (Wilson et al., 2007; Wright, 2011; Porphyre 

et al., 2014). Moreover, there are often multiple methods available for controlling a given 

invasive species (Parkes & Murphy, 2003; Reddiex et al., 2006), and these may vary in 

their efficacy, resource‐intensiveness, humaneness, and risk to non‐target species (Gillies, 

2002; Beausoleil et al., 2010). The challenge for conservation managers working with 

limited resources is to select locations for pest control where conservation gains will be 

the greatest, then to use control methods which will predictably and efficiently reduce 

pest abundances to the levels necessary to meet conservation objectives. Making these 

decisions effectively requires an understanding of how pest impacts are likely to vary 

spatially across a management region, as well as the extent to which different pest control 

methods can reduce these impacts.  
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In New Zealand, invasive rats (Rattus rattus, R. norvegicus, and R. exulans) and possums 

(Trichosurus vulpecula) are believed to be the primary threat to many native species, 

depredating a wide range of plant and animal taxa that are evolutionarily naive to their 

impacts (Craig et al., 2000; Innes et al., 2010a; Wright, 2011). As a result, an enormous 

amount of time and effort is spent attempting to reduce the abundances of these species. 

On the mainland (North Island and South Island) this control primarily targets ship rats (R. 

rattus) and possums, covers more than a million hectares, and costs tens of millions of 

New Zealand dollars each year (Wright, 2011). The particular methods used for this 

control vary widely, involving a range of control devices (mostly utilising various traps and 

poisons) which are employed at widely varying intensities (i.e. variable spacing of devices 

and frequency of control) (Gillies, 2002; Parkes & Murphy, 2003; Beausoleil et al., 2010). 

However, although some of these pest control regimes demonstrably achieve 

conservation objectives (Innes et al., 1999; Gillies, 2002; e.g. Armstrong et al., 2006; 

Warburton & Norton, 2009), there is considerable uncertainty about the efficacy of 

others. For example, possum control is often repeated on a 1‐8 year cycle, but return 

times longer than a few years may not provide benefits to native species (Parkes & 

Murphy, 2003; Brown & Urlich, 2005). Moreover, individual possum control operations 

may not produce measurable reductions in possum abundance indices in the year 

following control (Sweetapple et al., 2006) or in subsequent years (Fraser et al., 2003). 

Similarly, even relatively intensive rat control operations may not be able to reduce rat 

abundance to levels required to protect rat‐sensitive species (Gillies, 2002). Lastly, there is 

increasing recognition that rats, possums, and other invasive mammals may negatively 

affect each other, so that control of one species may cause an increase in the abundance 
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or impacts of others (Rayner et al., 2007; Sweetapple & Nugent, 2007; Ruscoe et al., 

2011). In the face of this uncertainty, there is a need for increased monitoring and analysis 

of pest control operations, so that the efficacy of particular regimes can be better 

understood. This is important both for improving decision‐making and for increasing the 

ethical defensibility of pest control that kills sentient animals or poses risks to non‐target 

species (Reddiex & Forsyth, 2006; Warburton & Norton, 2009). 

 

Despite the considerable resources spent controlling rats and possums over large parts of 

New Zealand, this control can still only cover a fraction of the area in which threats from 

these species are likely to occur (Craig et al., 2000; Wright, 2011). As is the case elsewhere 

(Wilson et al., 2007), conservation managers in New Zealand must prioritise locations for 

pest control based on assumptions about the spatial distribution of rat and possum 

impacts. In response to this need, several studies have examined determinants of spatial 

variation in rat or possum abundance in New Zealand. Fraser (2003) used remotely‐sensed 

predictor variables to model variation in a possum abundance index at a national scale, 

and found that index values were primarily influenced by climate variables. Porphyre 

(2014) modelled the effects of remotely‐sensed and local habitat variables on a possum 

abundance index in a montane dry grassland environment, and also found that climate 

variables, together with the presence of forest cover, strongly influenced index values. 

However, both of these studies measured abundance indices across sites with widely 

varying climatic conditions (due to large latitudinal and altitudinal gradients, respectively). 

The effects of climate on possum abundance at smaller spatial scales and in lowland 

environments, where climatic conditions are more constant, are unknown. Several studies 
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have examined how ship rat (Rattus rattus) capture rates vary within forests, and these 

suggest that rat abundance is influenced by a variety of factors, including distance from 

the forest edge, vegetation, topography, and altitude (King et al., 1996; Harper et al., 

2005; Christie et al., 2006; Christie et al., 2009; Chapter 3). As a result of these studies, a 

reasonable amount is now known about how possum abundance varies spatially at the 

national scale and in montane dry grassland environments, and how ship rat abundance 

varies spatially within native forest. However, little is known about how possum and rat 

abundances vary within lower elevation environments at the regional scale. This 

information would be helpful for prioritising areas for pest control, because these 

environments make up the majority of New Zealand's land area (MfE, 2002) and include a 

disproportionate number of New Zealand’s threatened species (Walker et al., 2008), and 

because conservation management agencies frequently operate at a regional scale 

(regional councils and Department of Conservation regional conservancies, for example).  

 

In this study, we measured rat and possum relative abundance at sampling stations 

systematically located in forest habitats throughout the Auckland region of New Zealand. 

We also quantified local vegetation characteristics (structure and composition), 

topography and climate, measures of forest fragmentation and urbanisation, and the 

presence and type of pest control at each sampling station. Our aims were to examine (1) 

whether these variables could be used to predict spatial variation in rat and possum 

abundance at a regional scale, and (2) the efficacy of the different pest control regimes 

operating within our study region.  
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4.2 Methods 

4.2.1 Study region 

We conducted our study in the Auckland region of northern New Zealand. The region is c. 

5000 km2 in area, and comprises lowlands and hill country on a relatively narrow isthmus 

of land (< 70 km at the widest point), together with a number of near‐shore islands. The 

maximum mainland altitude is 722 m (McClure, 2012b). The climate is temperate–

subtropical (McClure, 2012a), with a mean annual temperature ranging from c. 11–16oC 

across the region as measured from Land Environments of New Zealand climate data 

(MfE, 2002). Auckland was largely forested prior to the arrival of humans (Ewers et al., 

2006), but an analysis of the New Zealand land cover database version 2 ('LCDB2'; MfE, 

2004c) suggests that agriculture, pine plantations, and urban areas now cover 

approximately 48%, 9%, and 10% of its land area, respectively. 

 

4.2.2 Selecting sampling station locations 

We indexed rat and possum abundance at 147 locations throughout the Auckland region. 

These locations were selected as part of Auckland Council's Terrestrial Biodiversity 

Monitoring Programme, which measures biodiversity values by systematically sampling 

plant, bird, and pest mammal communities in native forest habitats throughout the 

region. 'Native forest habitats' included scrub and shrubland vegetation types (as defined 

by Atkinson, 1985) that were pre‐cursors to mature forest vegetation or were stable 

vegetation types at the site. As part of this programme, sampling stations were placed at 

grid‐intersection points on a 4 km grid overlaid across the entire region. Where grid 

intersections did not fall on native forest habitat, a sampling location was randomly 
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selected within the nearest forest patch, provided that this patch was within 2 km of the 

grid intersection. In addition, we surveyed areas of special conservation interest (e.g. sites 

under intensive pest management) at higher spatial resolution by placing additional 

sampling stations at the intersections of either 2 km, 1 km, or 500 m grids nested within 

the 4 km grid (Figure 4.1). In all cases, sampling stations that fell within 20 m of a forest 

edge were moved towards the centre of the patch until the nearest forest edge was 20 m 

away, to ensure that vegetation plots remained within forest habitat 

 

 

Figure 4.1. Locations of sampling stations used in the study. Shading shows the distribution of 

native forest, defined as the combination of the 'manuka and or kanuka', 'broadleaf indigenous 

hardwoods', and 'indigenous forest' layers of the New Zealand land cover database version 2. 
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We used data from the 2009‐2014 sampling period of the Terrestrial Biodiversity 

Monitoring Programme. However, not all sampling stations selected for the programme 

were included in our analysis. First, some private land owners did not give permission to 

survey on their land. Second, the program included sites on several of the Hauraki Gulf 

islands, which we excluded from our analysis because rats and/or possums typically did 

not occur on these islands, and because where they do occur their responses to pest 

control are likely to differ compared with mainland sites because of reduced 

recolonisation from the surrounding area. Third, rats and possums were not surveyed in 

the first year of the programme (i.e. only plants and birds were sampled in 2009), so 

around a quarter of all sampling stations had no rat or possum data. Fourth, a number of 

sampling stations fell within two predator free sanctuaries in which rats, possums, and 

other invasive mammals had been eradicated. We did not use these sites in our analyses, 

because they provided no useful information for testing the efficacy of different pest 

control regimes or the spatial determinants of rat and possum abundance. 

 

4.2.3 Indexing rat and possum abundance 

We indexed the abundance of rats and possums at each sampling station with chew‐track‐

cards (CTCs), deployed over November and December (early summer) to coincide with the 

breeding period of many species of native forest bird. The CTC approach was developed 

recently as a method for indexing the abundance of small mammals in New Zealand, and 

has been shown to correlate closely with rat and possum abundance indices based on 

more established monitoring tools such as footprint tracking tunnels, wax tags, and leg‐

hold traps (Sweetapple & Nugent, 2011; Appendix 1.2). CTCs require considerably less cost 
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and effort to deploy than these tools, which was important given the large spatial scale of 

our study.  

 

At each sampling station we established one randomly‐orientated transect, centered on 

the sampling station, which contained ten CTCs spaced at 20 m intervals (i.e. a transect 

length of 180 m). The short length of the transect was determined based on logistical 

constraints of time, cost, and the small size of some forest patches sampled. We accept 

that some contagion between devices is inevitable, with individual rats or possums likely 

to visit more than one CTC. We deployed CTCs for three nights, after preliminary tests 

with a seven night deployment had high rates of index saturation (i.e. all CTCs bitten). 

Conversely, this three night deployment provided a reasonable balance between 

detection and saturation probabilities across our sites. We then calculated a rat 

abundance index as the proportion of CTCs bitten by rats and a possum abundance index 

as the proportion of CTCs bitten by possums (Sweetapple & Nugent, 2011; Appendix 1.2). 

Although we were unable to identify the species of rat from these bites, most or all rats in 

Auckland forests were likely to be ship rats (Craig, 1983; Innes, 2005). 

 

4.2.4 Measuring local vegetation characteristics 

We measured vegetation structure and composition at each sampling station using a 20 x 

20 m vegetation plot. The plot was orientated to align with the main slope of the terrain, 

with the sampling station forming its bottom left corner when looking up slope. Where 

sites were located on flat ground the plot was orientated so its borders ran north–south 

and east–west.  
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We quantified vegetation structure within each vegetation plot by measuring the 

following variables: (1) average diameter at breast height (DBH) of trees, where ‘breast 

height’ was 1.35 m above ground, and trees were defined as any woody plant or treefern 

with a DBH >2.5 cm; (2) average canopy height, estimated to the nearest metre; (3) 

canopy cover (percent cover of all vegetation >1.35 m above ground), estimated to the 

nearest 10%; (4) density of saplings (i.e. number per 400 m2 plot), where saplings were 

defined as either woody vegetation >1.35 m tall with a DBH <2.5 cm, or tree ferns with a 

trunk <1.35 m tall but fronds >1.35 m tall; and (5) density of trees. 

 

We classified vegetation composition by separating forest types into vegetation classes 

that we believed would reflect major differences in resources for rats and possums. 

Specifically, we distinguished between (1) kahikatea (Dacrycarpus dacrydioides) forest, 

where kahikatea forms a near‐monoculture of very tall, open forest; (2) early successional 

scrub forest, consisting of relatively small trees dominated by kanuka (Kunzea ericoides) 

and manuka (Leptospermum scoparium); and (3) late successional podocarp‐broadleaf 

forest, generally containing a variety of podocarp and broadleaf species. We classified our 

sites based on the proportional contribution of these species to the total basal area of 

trees in each plot: sites in which kahikatea comprised >50% of total basal area were 

classed as 'kahikatea'; sites in which kanuka and manuka combined comprised >30% of 

total basal area were classed as 'scrub forest'; and all other sites were classed as 

'podocarp‐broadleaf' forest. We used this lower cutoff for the 'scrub' category because 

kanuka and manuka are relatively small trees, and so a 30% basal area was still likely to 



Chapter 4: Determinants of rat and possum abundance 

 

73 
 

represent strong numerical dominance by these species. This value also roughly 

corresponded with the emergence of late successional podocarp‐broadleaf forest species, 

which were generally rare where kanuka and manuka comprised >30% of basal area, but 

common otherwise.  

 

4.2.5 Measuring urbanisation and forest fragmentation 

We quantified levels of urbanisation and forest fragmentation in the landscape 

surrounding each sampling station with ArcGIS version 10.0, using land cover data from 

the LCDB2. First, we categorised sampling stations as 'urban' if the forest patch they were 

in was bordered on at least three sides by the 'built‐up' or 'urban parkland' categories of 

the LCDB2. Visual examination of aerial photographs of the study area indicated that this 

criterion effectively separated patches that were within urban areas from those that were 

not. Non‐urban patches were typically surrounded by agricultural matrix, with some 

patches also bordered partly by ocean or pine plantation. Second, we measured three 

aspects of forest fragmentation: (1) percent forest cover in a 1 km radius surrounding 

each sampling station; (2) the size of the forest patch that each sampling station was 

within; and (3) the distance of each sampling station from the nearest forest edge. We 

defined 'forest' as the 'indigenous forest', 'broadleaf indigenous hardwoods', and 'manuka 

and kanuka' categories of the LCDB2, based on an analysis that found that the distribution 

of native forest birds was best described by this combination of LCDB2 categories (Chapter 

2). 
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4.2.6 Measuring climate and topography 

We measured climate and topographical variables for each sampling station with ArcGIS, 

using underlying data layers from the Land Environments of New Zealand program (MfE, 

2002): (1) mean annual temperature; (2) mean minimum temperature of the coldest 

month; (3) altitude, measured from a 25 m digital elevation model; and (4) slope. These 

layers were obtained from the Landcare Research GIS portal (https://lris.scinfo.org.nz; 

accessed February 2014). 

 

4.2.7 Categorising pest control 

We assigned each sampling station to a pest control category by (1) mapping pest control 

operations in our study region, (2) binning these operations into a set of pest control 

categories, which we defined after examining the characteristics of all operations, then (3) 

combining these mapped categories with the GPS locations of our sampling stations. 

  

We identified pest control operations in our study region through discussions with 

personnel from all organisations involved in large scale pest control: the Department of 

Conservation, TBfree New Zealand, Royal Forest and Bird Protection Society, regional and 

local councils, and local community groups. Local community groups were identified 

through discussion with staff at regional councils. These councils provided grants and 

subsidised equipment to members of the community wanting to undertake pest control, 

so were likely to be aware of all major community‐based pest control operations in our 

study region. However, we were likely to miss very small scale operations, such as 

individual landowners controlling rats and possums on their own properties. We also did 
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not obtain information on any possum control undertaken by commercial possum fur 

trappers. However, because commercial trappers aim to maximise yield they typically 

move on before possum numbers are reduced to the levels required to achieve 

conservation gains (Brockie, 1982; Jones et al., 2012). Through our discussions with pest 

control operators, we obtained information on the location of pest control operations, the 

control methods used, and the year that the control regime began. We mapped 

operations in a GIS database in ArcGIS, either manually or by importing shape files 

maintained by the pest control operators.  

 

This exercise revealed that pest control operations in our study region were variable, 

differing in the devices that they used (various types of poison baits and mechanical 

traps), the spacing of devices, the frequency that devices were checked and reset, and 

whether control was continuous or intermittent (e.g. only active during the bird breeding 

season). Nonetheless, these operations fell naturally into five broad pest control 

categories: 

1. eradication (i.e. areas enclosed by predator‐proof fences where all rats, possums, 

mustelids, and cats had been eradicated). Sampling stations within eradication 

operations were not included in our analyses, as described above; 

2. high‐intensity rat and possum control ('HRP'), which we defined as ongoing control 

of rats and possums at a level which was at least as intensive as that done in the 

Department of Conservation's 'mainland island' programme. This programme aims 

to restore the ecosystems of six forest sites through intensive control of multiple 

pest species (Saunders & Norton, 2001). Following descriptions of the pest control 
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operations carried out at these mainland islands (Gillies, 2002; Gillies et al., 2003), 

and from discussions with mainland island management staff, we categorised 

ongoing pest control operations in our region as 'high‐intensity' if all of the 

following conditions were met: (a) poison bait stations, targeting rats and 

possums, were placed at an average density of >1 per 1.5 ha; (b) bait stations were 

active at least over spring and summer; and (c) bait was replaced at least every 12 

weeks during this active period. These high‐intensity operations typically also 

undertook intensive mustelid control; 

3. low‐intensity rat and possum control ('LRP'), where control was targeted at both 

rats and possums, but not at a 'mainland island' level of intensity; 

4. periodic possum control ('PP'), where target areas were periodically controlled for 

possums, with a return time of 1‐7 years. Other pest species were not actively 

targeted, although there may have been by‐kill, especially of ship rats; and 

5. no pest control ('NC'). 

 

4.2.8 Statistical analyses 

4.2.8.1 Collinearity and variable reduction 

Preliminary analyses suggested that there was strong collinearity within our vegetation 

structure variables and within our climate and topographical variables. We conducted a 

principal components analysis ('PCA') on each of these groups of (normalized) variables, 

using the 'prcomp' function of the base package of R version 3.0.2 (R Core Team, 2012), to 

reduce the number of variables required to capture the variation in vegetation structure, 

climate and topography among sampling stations. We used the first axis from each of 
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these PCAs in our statistical models, since it was the only axis with an eigenvalue >1 and 

since a scree plot showed a 'levelling off' of variance explained with the inclusion of 

additional axes (Zuur et al., 2007). The first axis of the vegetation structure PCA (hereafter 

referred to as 'vegetation structure') explained 51% of the variability in the original data, 

and increasing values were primarily associated with increasing tree and sapling density 

and decreasing average DBH and canopy cover. The first axis of the climate and 

topography PCA (hereafter referred to as 'climate and topography') explained 75% of the 

variability in the original data, and increasing values were associated with increasing mean 

and minimum temperature and decreasing elevation and slope. 

 

There were also very strong correlations between forest cover, patch size, and edge 

distance (r ≥ 87%). These strong relationships presumably reflect the fact that these 

variables represent different aspects of the same underlying process: forest clearance 

reduces the amount of forest cover in the landscape, resulting in smaller forest patches 

and increased proximity of points within those patches to forest edges (Didham et al., 

2012; Appendix 1.1). In this case, we were not specifically interested in partitioning the 

relative effects of each of these variables. Therefore, we removed patch size and edge 

distance from our statistical models under the assumption that their effects are 

encompassed by the effects of percent forest cover in the landscape, while acknowledging 

that any effects of forest cover may be mediated by changes in patch size or proximity to 

forest edges. 
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After using the above methods to remove the strong collinearity among variables within 

our 'vegetation structure', 'climate and topography', and 'forest fragmentation' variable 

groups, we used variance inflation factors (VIFs) to examine whether there was any 

collinearity among our remaining six predictor variables (pest control category, 

urbanisation category, percent forest cover, vegetation class, vegetation structure, and 

climate and topography) that needed to be addressed prior to statistical modelling (Zuur 

et al., 2010). We modelled each pest index as a function of this set of predictor variables 

using the statistical methods described below, then calculated VIFs using the 'vif.mer' 

function (downloaded from https://github.com/aufrank/R‐hacks/blob/master/mer‐utils.R, 

February 2014) in R. For our possum model, all predictors had a VIF ≤1.5, suggesting that 

any collinearity among variables was unlikely to affect statistical inference (Zuur et al., 

2010). For our rat model, the climate and topography axis had a VIF of 2.1, and several 

other variables had VIFs approaching 2, but all VIFs decreased to <1.5 after the climate 

and topography axis was removed from the model. A VIF of 2 suggests that collinearity 

among predictors is likely to be acceptably low, but even this level of collinearity may 

cause variables with weak effects to be non‐significant (Zuur et al., 2010). We therefore 

completed our main analysis including all six of our predictor variables, but took the 

conservative approach of repeating our rat analysis with the climate and topography axis 

removed (see Appendix 4.1). This allowed us to re‐estimate the effects of our other 

predictors in the absence of the modest variance inflation caused by the climate and 

topography axis. 
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4.2.8.2 Statistical modelling 

We used binomial generalised linear mixed models (GLMMs) to estimate the effects of our 

six predictor variables (pest control category, urbanisation category, percent forest cover, 

vegetation class, vegetation structure, and climate and topography) on our two pest 

indices (rat CTC index and possum CTC index). We used the 'lme4' package in R (Bates et 

al., 2011), and included forest patch identity as a random factor to account for non‐

independence of sampling stations within patches. For models in which significant 

overdispersion of model residuals was detected (i.e. all models of the rat abundance 

index), we added an observation‐level random effect to the model to meet GLMM model 

assumptions. Preliminary analysis suggested that we did not need to account for spatial 

dependence in our models. There was no evidence of spatial autocorrelation among 

model residuals, as judged by correlograms created with the 'spline.correlog' function of 

the 'ncf' package in R (Bjornstad, 2013). 

 

For each index we constructed 63 candidate models, which constituted all combinations 

of the main effects of each of our variables plus one null model which included only 

random factors. Model estimates would not converge for many of the models that 

contained interaction terms between pest control category and the other variables, 

suggesting these models were too complicated for the data available. As a result, we did 

not include models containing interaction terms in our final candidate set. 

 

We used Akaike’s Information Criterion (AIC) to identify which of these models were best 

supported by the data. When no single model was clearly the best in the candidate set 
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(i.e. Akaike weight ≥0.9; Grueber et al., 2011) we averaged parameter estimates and 

confidence intervals across all models with a reasonable level of support (ΔAIC <4) using 

the 'model.avg' function of the 'MuMIn' package (Barton, 2013). This approach adjusts 

confidence intervals to account for model uncertainty and reduces bias in parameter 

estimates when multiple models are well supported (Burnham & Anderson, 2002). We 

limited our model‐averaging to this 'top model set' because non‐zero parameter estimates 

in poorly supported models were likely to be spurious (Grueber et al., 2011). 

 

For categorical variables that significantly influenced pest indices and had >3 levels (i.e. 

pest control category and vegetation class), we used the function 'glht' in the 'multcomp' 

package of R (Hothorn et al., 2013) to perform contrasts, adjusted for multiple 

comparisons, to identify which of the variables’ levels differed significantly. We were not 

able to perform contrasts directly on model‐averaged parameter estimates, but instead 

repeated contrasts for all reasonably well supported models (ΔAIC <4) and checked that 

results were consistent across all of these models. 

 

For the final model‐averaged predictor set, we used the approach of Nakagawa and 

Schielzeth (2012) to estimate absolute model fit using marginal �����
�  (variance explained 

by just the fixed effects) and conditional �����
�  (variance explained by both fixed and 

random effects). We could not calculate �����
�  values for model‐averaged parameter 

estimates directly, but instead obtained these values by calculating �����
�  for each model 

with ΔAIC <4, then calculating a weighted average across these models based on their AIC 

weights. 
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To examine the magnitude of the effects of our predictors on pest indices, we used the 

'predict' function of the 'MuMIn' package to obtain model‐averaged predictions of index 

values across the levels of each variable, while holding all other predictors constant at a 

baseline value. We set the baseline levels of our categorical variables at pest control 

category = 'NC', urbanisation = 'non‐urban', and vegetation class = 'podocarp‐broadleaf', 

and the baseline levels of our continuous variables at their mean values. We chose these 

levels because we believed they reflected an 'average' scenario that land‐use managers 

interested in the impacts of rats and possums would encounter. 

 

4.3 Results 

The 147 sampling stations captured a wide gradient of variation in our continuous 

predictor variables, and covered most levels of our categorical predictor variables with 

reasonable sampling intensity (Table 4.1). An exception was the 'kahikatea' category of 

our vegetation class variable, which occurred at only a handful of sampling stations (Table 

4.1). Plots of model residuals suggested that assumptions were met for rat and possum 

GLMMs. 
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Table 4.1. Distribution of sampling stations across measured variables. For categorical variables, 

values give the number of sampling stations within each category. For continuous variables, values 

give the average measurement per station ± 1sd, with the range given in parentheses.  

Variable Value 

  
Pest control category  
  No control 30 
  Periodic possum 55 
  Low‐intensity rat and possum 30 
  High‐intensity rat and possum 32 
Urbanisation  
  Urban 21 
  Non‐urban 126 
Vegetation class  
  Podocarp‐broadleaf forest 109 
  Scrub 36 
  Kahikatea 2 
Vegetation structurea ‐0.27 ± 1.48 (‐5.41–4.04) 
Climate and topographya 0.00 ± 1.72 (‐4.38–2.65) 
Percent forest cover in landscape 47.19 ± 40.70 (1.81–100.0) 
  
aValues were derived from a principal components analysis and are not intrinsically meaningful.  

 

 

From our 63 candidate models, there was no single model that overwhelmingly provided 

the best fit to the data (i.e. Akaike weight ≥0.9) for either of the pest indices (Table 4.2). 

As a result, we undertook model‐averaging across all models that were reasonably well 

supported (ΔAIC <4). These model‐averaged parameters fitted the data relatively well for 

our rat models, with a 'marginal �����
� ' value of 0.34 and a 'conditional �����

� ' value of 

0.86. Model‐averaged parameters fitted the data very well for our possum models, with a 

marginal �����
�  value of 0.56 and a conditional �����

�  value of 0.85.   
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Table 4.2. Levels of support for candidate models used to test the effects of pest control, local 

vegetation, climate and topography, urbanisation, and forest loss on two response variables: rat 

CTC index and possum CTC index. The candidate set for each response variable contained 63 

models, representing all possible combinations of the main effects of predictor variables plus 

another model containing only random effects. ΔAIC gives a measure of change in AIC relative to 

the best model, while the Akaike weight wi gives the probability that model i is the most 

parsimonious in the set. The table shows fixed terms only, but each model also included a patch‐

level random intercept to model non‐independence among sampling stations within the same 

forest patch, and rat models also included an observation‐level random intercept to model 

overdispersion in the data. Models which had little support (ΔAIC >4) are not shown. 'PC' = pest 

control category; 'Urban' = urbanization category; 'VegStructure' = vegetation structure; 

'ClimTop'= climate and topography; 'VegClass' = vegetation class; 'ForestCover' = percent forest 

cover in landscape. 

Model ΔAIC wi 

   
Rat index   
~ PC + VegClass + VegStructure + ClimTop 0.00 0.16 
~ PC + Urban + VegClass + VegStructure + ClimTop 0.44 0.13 
~ PC + VegStructure + ClimTop 0.73 0.11 
~ PC + ClimTop 1.39 0.08 
~ PC + VegClass + ClimTop 1.43 0.08 
~ PC + Urban + VegStructure + ClimTop 2.28 0.05 
~ PC + ForestCover+ VegClass + VegStructure + 
ClimTop 

2.34 0.05 

~ PC + Urban + ForestCover + VegClass + VegStructure 
+ ClimTop 

2.78 0.04 

~ PC + Urban + VegClass + ClimTop 2.94 0.04 
~ PC + ForestCover + VegStructure + ClimTop 2.97 0.04 
~ PC + Urban + ClimTop 3.37 0.03 
~ PC + ForestCover + ClimTop 3.63 0.03 
~ PC + ForestCover + VegClass + ClimTop 3.70 0.03 
   
(Table continued overleaf) 
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Model ΔAIC wi 

   
Possum index   
~ PC + VegClass + VegStructure 0.00 0.29 
~ PC + ForestCover + VegClass + VegStructure 1.25 0.15 
~ PC + ForestCover + VegClass + VegStructure + 
ClimTop 

1.35 0.14 

~ PC + VegClass + VegStructure + ClimTop 1.72 0.12 
~ PC + Urban + VegClass + VegStructure 1.83 0.12 
~ PC + Urban + ForestCover + VegClass + VegStructure 2.83 0.07 
~ PC + Urban + ForestCover + VegClass + VegStructure 
+ ClimTop 

3.31 0.06 

~ PC + Urban + VegClass + VegStructure + ClimTop 3.76 0.04 
   

 

 

For the rat CTC model, the effects of pest control, vegetation structure, and climate and 

topography were significant (Table 4.3). For the pest control effect, contrasts revealed 

that LRP, PP, and NC operations did not differ significantly in their rat index values, but 

that all three had significantly higher index values than HRP operations (Figure 4.2). 

Model‐averaged predictions suggested that HRP, vegetation structure, and climate and 

topography all had considerable effects on the rat abundance index. Compared with our 

baseline scenario (i.e. pest control category set at 'NC', urbanisation set at 'non‐urban', 

vegetation class set at 'podocarp‐broadleaf', and vegetation structure, climate and 

topography, and percent forest cover set at their mean values), there was a 99% decrease 

in predicted index values for sampling stations within HRP pest control operations, a 76% 

decrease in predicted index values for sampling stations with the lowest measured values 

of our vegetation structure axis (i.e. sampling stations associated with low tree and sapling 

density and high canopy cover and tree DBH) and a 90% decrease in predicted index 

values for sampling stations with the highest measured values of our climate and 
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topography axis (i.e. sampling stations associated with high elevation and slope and low 

temperatures; Figure 4.2). However, we stress that these percentage decreases reflect 

only the point estimates of our model predictions, and do not account for the level of 

uncertainty associated with these predictions. For example, although vegetation structure 

had a large effect on the rat CTC index as judged by model‐predicted values, there were 

relatively large confidence intervals associated with this effect (Figure 4.2). 
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Table 4.3. Parameter estimates and standard errors for effects of predator control, local 

vegetation, climate and topography, urbanisation, and forest loss on two response variables: rat 

CTC index and possum CTC index. For each response variable, multiple candidate models were 

supported by the data (ΔAIC<4; see Table 4.2), so parameter estimates and standard errors were 

averaged across these models to account for uncertainty in model structure. Parameter estimates 

are given on the scale of the logit link used in binomial GLMMs. Asterisks reflect significant effects: 

* p<0.05; ** p<0.01; *** p<0.001. Pest control categories are: PP = periodic possum; LRP = low 

intensity rat and possum; HRP = high‐intensity rat and possum. 

Variable  Estimate 

  
Rat index  
Intercepta  ‐0.68 ± 1.05 
PestControl_PP  0.54 ± 1.01 
PestControl_LRP  1.98 ± 1.06 
PestControl_HRP  ‐4.99 ± 1.39 *** 
VegClass_scrub  ‐1.44 ± 0.85 
VegClass_kahikatea ‐18.44 ± 3998907.21b 
VegStructure  0.48 ± 0.25 * 
Climate and topography  ‐1.02 ± 0.35 ** 
Urban_Yes  ‐1.35 ± 1.22 
ForestCover  ‐0.00 ± 0.02 
  
Possum index  
Intercepta  ‐2.27 ± 0.63 *** 
PestControl_PP  0.41 ± 0.59 
PestControl_LRP  ‐0.15 ± 0.64 
PestControl_HRP  ‐2.42 ± 0.74 ** 
VegClass_scrub  ‐1.26 ± 0.39 ** 
VegClass_kahikatea  25.77 ± 219238.28b 
VegStructure  ‐0.51 ± 0.14 *** 
ForestCover  ‐0.01 ± 0.01 
Climate and topography  ‐0.23 ± 0.22 
Urban_Yes  ‐0.54 ± 0.77 
  
aRepresents the baseline level for each factor: ‘PestControl_None, 'Urban_No', and 
'VegClass_podocarp‐broadleaf'. 
bStandard errors approaching infinity and negative infinity represent an interval of (0,1) when 
back‐transformed. 
 
 



 

 

Figure 4.2. Effects of pest control, local vegetation, climate and topography, and land use change 

variables on a CTC index of rat abundance, based on model

binomial GLMMs. Panels show the predicted effects of a given variable, while holding all other 

variables at fixed levels: pest control intensity at 'no control', vegetation class at 'podocarp

broadleaf', urbanisation at 'non

percent forest cover at their mean values (0, 0, and 46, respectively). Error bars and grey lines give 

95% confidence intervals, and letters indicate whether the levels of categorical variables differ 

significantly. Pest control categories are NC = no control; PP = periodic possum; LRP = low

rat and possum control; HRP = high

PB = podocarp broadleaf; S = manuka or kanuka scrub; K = kahikatea

variable is a principal components axis for which increasing values are primarily associated with 

increasing tree and sapling density and decreasing average DBH and canopy cover. The 'climate 

and topography' variable is a princ

with increasing slope and elevation and decreasing mean and minimum temperature.
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Effects of pest control, local vegetation, climate and topography, and land use change 

variables on a CTC index of rat abundance, based on model‐averaged parameter

binomial GLMMs. Panels show the predicted effects of a given variable, while holding all other 

variables at fixed levels: pest control intensity at 'no control', vegetation class at 'podocarp

broadleaf', urbanisation at 'non‐urban', and vegetation structure, climate and topography, and 

percent forest cover at their mean values (0, 0, and 46, respectively). Error bars and grey lines give 

95% confidence intervals, and letters indicate whether the levels of categorical variables differ 

antly. Pest control categories are NC = no control; PP = periodic possum; LRP = low

rat and possum control; HRP = high‐intensity rat and possum control, and vegetation classes are 

PB = podocarp broadleaf; S = manuka or kanuka scrub; K = kahikatea. The 'vegetation structure' 

variable is a principal components axis for which increasing values are primarily associated with 

increasing tree and sapling density and decreasing average DBH and canopy cover. The 'climate 

and topography' variable is a principal components axis for which increasing values are associated 

with increasing slope and elevation and decreasing mean and minimum temperature.
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Effects of pest control, local vegetation, climate and topography, and land use change 

averaged parameter estimates from 

binomial GLMMs. Panels show the predicted effects of a given variable, while holding all other 

variables at fixed levels: pest control intensity at 'no control', vegetation class at 'podocarp‐

etation structure, climate and topography, and 

percent forest cover at their mean values (0, 0, and 46, respectively). Error bars and grey lines give 

95% confidence intervals, and letters indicate whether the levels of categorical variables differ 

antly. Pest control categories are NC = no control; PP = periodic possum; LRP = low‐intensity 

intensity rat and possum control, and vegetation classes are 

. The 'vegetation structure' 

variable is a principal components axis for which increasing values are primarily associated with 

increasing tree and sapling density and decreasing average DBH and canopy cover. The 'climate 

ipal components axis for which increasing values are associated 

with increasing slope and elevation and decreasing mean and minimum temperature. 
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For the possum CTC model, the effects of pest control, vegetation class, and vegetation 

structure were significant (Table 4.3). Contrasts of vegetation classes suggested that 

sampling stations within scrub vegetation had significantly higher index values than those 

within podocarp‐broadleaf forest, but that neither of these vegetation classes differed 

significantly from kahikatea forest (Figure 4.3). Contrasts of pest control categories 

suggested that index values did not differ significantly between LRP, PP, and NC 

operations, but that each of these had significantly higher index values than HRP 

operations. Model‐averaged predictions for the possum abundance index suggested that 

high‐intensity pest control and vegetation structure each had strong effects on index 

values. Compared with our baseline scenario, predicted index values for sampling stations 

within high‐intensity pest control operations decreased by 91%, and predicted index 

values for sampling stations with the highest measured values for vegetation structure 

decreased by 89%. The effect of vegetation class appeared to be more modest, with 

predicted index values for our baseline scenario that were 64% lower than those for 

sampling stations within scrub vegetation (Figure 4.3). However, as with the rat index, we 

caution that there is uncertainty associated with these percentage decreases, as indicated 

by the confidence intervals around model predictions in Figure 4.3. 

 



 

 

Figure 4.3. Effects of pest control, local vegetation, climate and topography, and land use change 

variables on a CTC index of possum abundance, based on model

from binomial GLMMs. Panels show the predicted effects of a given variable, while holding all 

other variables at fixed levels: pest control intensity at 'no control', vegetation class at 'podocarp

broadleaf', urbanisation at 'non

percent forest cover at their mean values (0, 0, and 46, respectively). Error bars and grey lines give 

95% confidence intervals, and letters indicate whether the levels of categorical variables differ 

significantly. Pest control cat

rat and possum control; HRP = high

PB = podocarp broadleaf; S = manuka or kanuka scrub; K = kahikatea. The 'vegetation struc

variable is a principal components axis for which increasing values are primarily associated with 

increasing tree and sapling density and decreasing average DBH and canopy cover. The 'climate 

and topography' variable is a principal components axis fo

with increasing slope and elevation and decreasing mean and minimum temperature.
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Effects of pest control, local vegetation, climate and topography, and land use change 

variables on a CTC index of possum abundance, based on model‐averaged parameter estimates 

l GLMMs. Panels show the predicted effects of a given variable, while holding all 

other variables at fixed levels: pest control intensity at 'no control', vegetation class at 'podocarp

broadleaf', urbanisation at 'non‐urban', and vegetation structure, climate and topography, and 

percent forest cover at their mean values (0, 0, and 46, respectively). Error bars and grey lines give 

95% confidence intervals, and letters indicate whether the levels of categorical variables differ 

significantly. Pest control categories are NC = no control; PP = periodic possum; LRP = low

rat and possum control; HRP = high‐intensity rat and possum control, and vegetation classes are 

PB = podocarp broadleaf; S = manuka or kanuka scrub; K = kahikatea. The 'vegetation struc

variable is a principal components axis for which increasing values are primarily associated with 

increasing tree and sapling density and decreasing average DBH and canopy cover. The 'climate 

and topography' variable is a principal components axis for which increasing values are associated 

with increasing slope and elevation and decreasing mean and minimum temperature.
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Effects of pest control, local vegetation, climate and topography, and land use change 

averaged parameter estimates 

l GLMMs. Panels show the predicted effects of a given variable, while holding all 

other variables at fixed levels: pest control intensity at 'no control', vegetation class at 'podocarp‐

ate and topography, and 

percent forest cover at their mean values (0, 0, and 46, respectively). Error bars and grey lines give 

95% confidence intervals, and letters indicate whether the levels of categorical variables differ 

egories are NC = no control; PP = periodic possum; LRP = low‐intensity 

intensity rat and possum control, and vegetation classes are 

PB = podocarp broadleaf; S = manuka or kanuka scrub; K = kahikatea. The 'vegetation structure' 

variable is a principal components axis for which increasing values are primarily associated with 

increasing tree and sapling density and decreasing average DBH and canopy cover. The 'climate 

r which increasing values are associated 

with increasing slope and elevation and decreasing mean and minimum temperature. 
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4.4 Discussion 

The management of invasive species is a key part of biodiversity conservation globally, but 

resources are typically only available to manage a fraction of the area in which threats 

from these species exist (Craig et al., 2000; Parkes & Murphy, 2003; Wilson et al., 2007; 

Wright, 2011). Moreover, pest control operations can have variable and unpredictable 

effects on pest abundances (Gillies, 2002; Reddiex & Forsyth, 2006; Sweetapple et al., 

2006; Warburton & Norton, 2009; Ruscoe et al., 2011). In the face of these scarce 

resources and variable outcomes, effective decision‐making about where and how to 

conduct pest control requires a better understanding of (1) where pest impacts are likely 

to be greatest, and (2) which methods can reduce pest populations sufficiently to achieve 

conservation goals. Our study helps to improve this understanding for the control of 

invasive rats and possums in New Zealand. By systematically indexing rat and possum 

abundance across an entire region, we were able to compare the outcomes of a large 

number of pest control operations, as well as examine the extent to which abundance 

indices varied geographically in response to local vegetation, urbanisation, climate and 

topography, and forest cover. We found that rat and possum abundance indices varied 

substantially in response to local vegetation and climate and topography, indicating that 

these variables may be useful, in conjunction with the distribution of pest‐sensitive 

species, for predicting pest impacts and prioritising locations for pest control. We also 

found considerable variation in pest indices among our pest control categories. HRP 

control appeared to strongly reduce pest indices, whereas we found no evidence that PP 

or LRP control had any effect on index values.  



Chapter 4: Determinants of rat and possum abundance 

 

91 
 

 

Both rat and possum abundance indices were influenced by our vegetation structure PCA 

axis. The rat index increased with increasing values of the axis, which primarily reflected 

increasing tree and sapling density and decreasing tree DBH and canopy cover. This effect 

of vegetation structure on rat abundance is consistent with a growing body of research 

which has found that rat abundance tends to be higher in areas with structurally complex 

habitat (King et al., 1996; Christie et al., 2006; Innes et al., 2010b; Getzlaff et al., 2013; 

Chapter 3). In contrast, the possum index tended to decrease with increasing values of the 

vegetation structure axis; sites predicted to have high rat abundance were also predicted 

to have low possum abundance, and vice versa. As a result, while vegetation structure 

may be useful for predicting threats from rats and threats from possums, it may not be 

useful for predicting the combined threat posed by these species. 

 

Possum abundance also appeared to be influenced by vegetation class, with index values 

being significantly higher in manuka‐kanuka scrub forest than podocarp‐broadleaf forest. 

In contrast, possum densities have been estimated to be three times higher in podocarp‐

broadleaf forest than manuka‐kanuka scrub (Warburton, 2009). We are uncertain of the 

cause of the discrepancy between these findings, although we note that (1) our criterion 

for scrub was that manuka and kanuka comprised >30% of total basal area, and while this 

criterion appeared to correspond with strong numerical dominance by these species our 

scrub sites may still have been considerably more diverse than those of Warburton (2009). 

Indeed, possum‐palatable tree species such as mahoe (Melicytus ramiflorus), puriri (Vitex 

lucens), five‐finger (Pseudopanax arboreus), and large‐leaved coprosmas (Coprosma spp.) 
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often co‐occurred with kanuka at our sites (unpublished data); and (2) activity rates are 

likely to vary among habitat types, leading to discrepancies between absolute density and 

relative abundance indices (Efford, 2000). In the latter case, we suggest that relative 

abundance indices which combine abundance and activity may be a better measure of 

predator impacts than absolute density.  

 

We found that our climate and topography axis strongly influenced the rat CTC index, 

consistent with previous studies which have found effects of temperature, elevation, and 

slope on ship rat relative abundance (King et al., 1996; Harper et al., 2005; Christie et al., 

2006; Christie et al., 2009). In contrast, climate and topography did not appear to 

influence the possum CTC index, despite previous studies finding a strong effect of climate 

on possum relative abundance in New Zealand (Fraser et al., 2003; Porphyre et al., 2014). 

A likely explanation for this discrepancy is that these studies indexed possum abundance 

across wide climatic gradients, due to widely varying latitude (Fraser et al., 2003) or 

altitude (Porphyre et al., 2014). In contrast, climate is much more constant within the 

Auckland region, and so is less likely to have a strong influence on possum abundance. We 

suggest that climate may not be a useful predictor of possum abundance in lowland and 

regional contexts where climatic variation is relatively low. 

 

The effect of urbanisation on the rat abundance index was equivocal, being non‐

significant in our main analysis but significant in a re‐analysis in which climate and 

topography was removed to reduce variance inflation of model parameters (Appendix 

4.1). A negative effect of urbanisation on rat abundance seems reasonable, given that (1) 
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rats were found to be uncommon in urban Hamilton in the adjacent Waikato region 

(Morgan et al., 2009), and (2) domestic cats in New Zealand prey largely on rodents 

(Gillies & Clout, 2003; Flux, 2010; Gordon et al., 2010). However, we cannot rule out the 

possibility that the significant relationship between urbanisation and the rat CTC index in 

our re‐analysis was spurious, driven by the joint influence of climate and topography on 

each of these variables. 

 

We found no evidence for an effect of percent forest cover on either of our pest indices. 

This variable was the sole measure of forest fragmentation that we included in our 

statistical models, although it was also a surrogate for two other measures of forest 

fragmentation (edge distance and patch size), given its very high collinearity with these 

variables. Although we found no effect of fragmentation on our pest indices, these effects 

may have operated indirectly via changes in vegetation structure or composition (e.g. 

Chapter 3). Because our GLMMs estimated fragmentation effects after first 'partialling 

out' the effects of other model predictors, fragmentation effects operating in this way 

would be difficult to detect in models which also contained vegetation variables (Shipley, 

2002; Appendix 1.1). However, when we re‐ran our analyses with vegetation variables 

omitted we still found no effect of percent forest cover (unpublished data), suggesting 

that the vegetation variables were not preventing the detection of fragmentation effects 

in our original analyses. In contrast to this finding, edge effects have previously been 

shown to influence rat abundance in New Zealand, with capture rates increasing with 

distance from the edge into the interior of the forest (Christie et al., 2009; Chapter 3). 

Forest edges may also affect possums, with Cowan (2001) noting that the highest possum 
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densities have all been recorded near forest – pasture margins. The discrepancy between 

these results and our findings may be explained by the fact that most of our sampling 

stations were many tens or hundreds of metres from a forest edge, whereas edge effects 

are likely to be strongest close to the forest boundary.  

 

Our pest control categories appeared to vary considerably in their effects on pest indices. 

Predictably, HRP control appeared to have strong and highly significant effects on our pest 

indices, reducing index values to a small fraction of their baseline levels. This suggests that 

decision‐makers can be reasonably confident that this type of pest control will reliably and 

substantially reduce rat and possum abundance. However, we caution that we have not 

established whether the observed reductions in our indices were sufficient to benefit 

pest‐sensitive native species. Unlike more established indices (which would have been 

prohibitively labour‐intensive to deploy in our large‐scale study), CTC indices have not 

been calibrated against the levels of pest abundance required for increased population 

viability of pest sensitive native species (c.f. Innes et al., 1999; Armstrong et al., 2006). 

Moreover, HRP control is resource intensive compared with other pest control types, and 

typically involves poisons that may be considerably less humane (Beausoleil et al., 2010). 

These factors should be considered if decisions about how to undertake pest control are 

to be made in an economically and ethically defensible way (Warburton & Norton, 2009; 

Beausoleil et al., 2010). 

 

In contrast to HRP control, PP and LRP control had no measurable effect on index values. 

However, we stress that our results do not necessarily mean that any control which is less 
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than 'high‐intensity ' has no ecological benefits. First, the effectiveness of (conservation) 

pest control should ultimately be judged by the response of native species, which may not 

correlate closely with indices of pest abundance. For example, operations with a long 

return time may have no measurable effect in a 'snapshot' survey of pest abundances, but 

may still provide periodic relief to native species which translates into reduced long‐term 

pest impacts (Brown & Urlich, 2005; Nugent et al., 2010). Second, although our pest 

control categories captured the broad differences among individual operations, 

methodologies within each category still varied in a number of ways, including the types 

of devices used, their spacing, and the frequency with which they were reset. As a result, 

although the 'average' operation in our periodic possum and low‐intensity rat and possum 

categories had no measurable effect on pest indices in our study, individual operations 

within these categories may have had considerable effects. We did not account for these 

specific methodological differences among operations, because (1) some pest control 

operators were unable to provide details beyond those required to classify their 

operations into our broad categories, and (2) the number of additional variables would 

probably have made our models overly complex, particularly considering the potential for 

interactions among variables. Lastly, we note that the pest control methods used in our 

region may not be representative of those used elsewhere in New Zealand. The 

operations in our region relied on the ground‐based application of poisons and traps, 

whereas operations in other parts of the country frequently use the aerial application of 

poison, which may be more effective (Wright, 2011). Moreover, while the PP operations 

examined in this study were all undertaken for biodiversity protection, many PP 

operations are undertaken elsewhere in New Zealand to limit the spread of bovine 
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tuberculosis by possums. Whereas our results raise questions about the efficacy of 

conservation PP operations in our study region, the efficacy of PP operations for the 

management of tuberculosis is well established. These operations are routinely 

monitored, and regularly reduce possum abundance to below the level required for the 

disease to persist (Warburton & Norton, 2009). 

 

We modelled our pest indices as a function of pest control, local vegetation, climate and 

topography, and land use change variables, but index values were also likely to be 

influenced by other variables which we did not include in our models. In particular, rats 

and possums were likely to be influenced by each other and by interactions with other 

mammalian pests (Rayner et al., 2007; Sweetapple & Nugent, 2007; Ruscoe et al., 2011). 

We did not include the abundances of other mammalian pests as predictors in our 

models, for two reasons. First, although these models could notionally have one index (for 

example, the rat index) as the response variable and the other index as the predictor, in 

reality we would not know whether possums were influencing rat abundance or vice 

versa. Second, our aim was to identify variables that could be used to predict pest impacts 

without the need to measure rat and possum abundances directly. Basing these 

predictions on other pest indices, which are equally difficult to measure, would defeat the 

purpose of this aim. 

 

Measuring geographic variation in pest indices at a regional scale allowed us to 

simultaneously monitor the efficacy of a large number of 'real world' pest control 

operations and to examine the relative influence of other factors across their naturally 
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varying levels. However, the realism and scale gained by this approach came at the 

expense of experimental control, because we had to use pre‐existing gradients of our 

variables. As a result, the inference from our statistical models is weaker than if we had 

experimentally manipulated variable levels (Innes et al., 2010a). With this caveat in mind, 

our results suggest that rat and possum abundances show considerable geographic 

variation in response to local vegetation characteristics, climate and topography, and HRP 

pest control. Local vegetation and climate and topography may therefore help to prioritise 

locations for pest control when resources are scarce, while HRP control appears able to 

predictably and substantially reduce the abundances of these species where pest control 

is deemed necessary. In contrast, although PP operations have clearly been effective in 

limiting the prevalence of tuberculosis in cattle herds (Warburton & Norton, 2009), PP and 

LRP control may be of limited conservation value, at least in terms of the 'average' 

operation conducted in our study region. Together PP and LRP conservation operations 

cover millions of hectares across New Zealand, costing millions of dollars and killing large 

numbers of sentient organisms each year (Warburton, 2009; Warburton & Norton, 2009; 

Wright, 2011). We suggest that explaining the substantial variation in the outcomes of 

these types of operations in terms of their varying methods should be a high priority for 

future research. 

 

Supporting information 

Supporting information for this chapter can be found in Appendix 4, starting at page 213. 
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Chapter 5. Predicting the effectiveness of habitat quality management in 
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Abstract 

Biodiversity offsetting is an increasingly common strategy for managing conflicts between 

development and biodiversity preservation, and typically involves mitigating the impacts 

of habitat clearance at a development site by increasing the quantity of protected habitat 

elsewhere ('quantity offsetting'). However, biodiversity in some systems may be 

threatened primarily by the degradation of habitat quality due to alternative threats such 

as invasive species, rather than by reductions in habitat quantity. Offsetting the impacts of 

development in these systems may best be achieved by improving the quality of 

remaining habitat via the management of these alternative threats ('quality offsetting'), 

rather than by replacing cleared habitat. Here, we present a simple framework for 

predicting the biodiversity outcomes of quality offsetting. We then illustrate this 

framework using empirical data to predict when the impacts of forest clearance on New 

Zealand bird communities can be offset by conducting invasive‐species control in 

remaining forest. We find that the efficacy of this form of quality offsetting depends 

strongly on starting levels of forest cover, the proposed amount of forest clearance, and 

the intensity of invasive‐species control. This results in predictions of substantial 
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biodiversity gains from quality offsetting in some scenarios, both in absolute terms (i.e. 

compared with avoiding forest clearance altogether) and relative to an idealised scenario 

of quantity offsetting (where cleared forest is immediately replaced). However, quality 

offsetting is predicted to cause biodiversity losses in other scenarios. Quality offsetting has 

the potential to deliver considerable benefits to biodiversity, but a framework such as 

ours will be necessary to predict when these benefits are likely to occur. 

 

5.1 Introduction 

The increasing land‐use requirements of an expanding human population provide a 

significant challenge for conservation (Foley et al., 2011; Tilman et al., 2011). Biodiversity 

offsetting has been promoted as a way to meet this challenge, reducing conflicts between 

land use for human resource provision and land use for biodiversity preservation, while 

also increasing funding for conservation (ten Kate et al., 2004). Consequently, the 

application of biodiversity offsetting schemes is increasing globally (McKenney & 

Kiesecker, 2010; Gardner et al., 2013). While biodiversity offsetting research is in its 

infancy (Bull et al., 2013; Gardner et al., 2013), several reviews have concluded that it is a 

potentially useful tool for conservation, at least where decision‐makers continue to allow 

the clearance of habitats (ten Kate et al., 2004; Gibbons & Lindenmayer, 2007; Kiesecker 

et al., 2009; Bekessy et al., 2010; McKenney & Kiesecker, 2010; Quértier & Lavorel, 2011; 

Brown et al., 2014).  

 

Biodiversity offsetting research has typically focused on managing habitat quantity – that 

is, offsetting habitat clearance at a development site by creating new areas of habitat, or 



Chapter 5: Offsetting habitat loss with habitat quality management 

 

101 
 

protecting existing areas threatened by clearance, at another location (hereafter 'quantity 

offsetting') (Gibbons & Lindenmayer, 2007; Moilanen et al., 2009b; Bekessy et al., 2010; 

Quértier & Lavorel, 2011; Curran et al., 2013). However, in many systems species are 

primarily impacted not by habitat loss, but by the degradation of habitat quality resulting 

from alternative threats such as invasive species, pollution, and overharvesting (Sala et al., 

2000; Clout, 2001; Novacek & Cleland, 2001; Riley, 2002). Consequently, conservation 

strategies that focus on improving habitat quality by managing these alternative threats 

may protect many more species than strategies that focus on managing habitat quantity 

alone (Wilson et al., 2007). Similarly, in some systems, biodiversity offsetting programs 

may be able to most effectively achieve 'no net loss' of biodiversity by funding the 

management of alternative threats to improve the quality of remaining habitat (hereafter 

'quality offsetting'), rather than by replacing cleared habitat.  

 

Some real‐world offsetting programmes have used quality offsetting to mitigate the 

impacts of habitat clearance. In New Zealand’s forest ecosystems, for example, predation 

from invasive rats and possums (Rattus rattus, R. norvegicus, and Trichosurus vulpecula), 

rather than habitat loss, is generally believed to be the primary threat to native bird 

communities (Craig et al., 2000; Innes et al., 2010a; Wright, 2011). With limited 

government funding available for rat and possum control (hereafter 'pest control'), many 

native species continue to decline even in highly forested landscapes (Norton & 

Warburton, 2014). Consequently, land development projects that involve clearance of 

native forest are frequently required to conduct pest control in adjacent forest (Norton, 

2009; Brown et al., 2014; JR pers. obs.). The assumption is that some level of forest 
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clearance can result in biodiversity gains, provided that it funds pest control that would 

not otherwise have occurred (Norton & Warburton, 2014). 

 

In theory, then, there may be many situations where biodiversity is better served by 

quality offsetting than quantity offsetting. However, whereas methods exist for predicting 

when quantity offsetting can achieve 'no net loss' of a given biodiversity indicator (e.g. 

Moilanen et al., 2009b), there is no established framework for predicting the biodiversity 

outcomes of quality offsetting. Crucially, these outcomes may not be predictable without 

the use of a formal, quantitative framework, because they are likely to depend on the 

combined effects of a number of factors. Clearly, the outcomes of quality offsetting will 

depend on both the proposed amount of habitat clearance and the efficacy of the 

management action to improve habitat quality. However, they may also depend on the 

starting amount of habitat in the landscape. This is because the relationship between 

habitat amount and biodiversity is frequently nonlinear (for example, species‐area curves 

and threshold relationships; Rosenzweig, 1995; Swift & Hannon, 2010; Hanski et al., 2013), 

and because the impacts of the alternative threat are likely to interact with habitat 

amount (Laurance & Cochrane, 2001; Didham et al., 2007). 

 

Of course, whether quality offsetting is employed in practice will also depend on its 

financial costs. However, it is typically the responsibility of developers, rather than 

conservation managers, to determine whether a particular offsetting programme is 

financially feasible (e.g. ten Kate et al., 2004). Consequently, from a conservation 

management perspective, assessing the appropriateness of quality offsetting requires an 
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ability to predict its biodiversity outcomes, but not its financial costs. Indeed, offsetting 

research has generally sought to determine the management required to compensate for 

development, without regard for the cost of that management (e.g. Parkes et al., 2003; 

Moilanen et al., 2009b; Quértier & Lavorel, 2011; Curran et al., 2013).  

 

Effectively predicting the biodiversity outcomes of quality offsetting therefore requires 

consideration of the following factors: (1) proposed amount of habitat clearance, (2) 

efficacy of habitat quality management, (3) starting habitat amount, (4) nonlinear 

relationships between habitat amount and the biodiversity indicator, and (5) interactions 

between habitat amount and the alternative threat. However, real‐world decisions about 

whether quality offsetting can benefit biodiversity are typically made based on intuition 

alone, leading to offsetting programmes that may do more harm than good (e.g. Brown et 

al., 2014). What is needed is a formal, quantitative framework that can predict the 

outcomes of quality offsetting while explicitly accounting for the factors described above. 

This will allow land‐use managers to make informed decisions about which offsetting 

strategies can best achieve their biodiversity goals. 

 

Here, we present a simple quantitative framework for predicting the biodiversity 

outcomes of quality offsetting. This framework accounts for each of the factors described 

above, and, when parameterised with empirical data, enables measurement of 

uncertainty in predictions. We illustrate the framework using empirical data to predict 

when the impacts of forest clearance on New Zealand bird communities can be offset by 

using pest control to increase the quality of remaining forest. 
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5.2 Methods 

5.2.1 Offsetting framework  

Our framework is based on the functional relationship between habitat amount and a 

biodiversity indicator variable (for example, species richness) in the presence and absence 

of a management action that improves habitat quality (Figure 5.1a). Given this functional 

relationship and a proposed amount of habitat clearance, it is straightforward to predict 

the value of the biodiversity indicator for either (1) maintaining habitat amount at current 

levels but not managing habitat quality, or (2) allowing habitat clearance but improving 

the quality of remaining habitat. These two values are used to calculate the expected 

'biodiversity gain' of quality offsetting, which we define as the number of units of the 

biodiversity indicator after quality offsetting for each unit prior to habitat clearance 

(Figure 5.1a). A biodiversity gain value >1 therefore indicates that quality offsetting is 

expected to result in a net gain for the biodiversity indicator, whereas a value <1 indicates 

net loss. Repeating this process for all possible combinations of starting habitat amount 

and proposed amount of clearance allows prediction of when quality offsetting can 

mitigate the impacts of habitat clearance (Figure 5.1b).  
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Figure 5.1. A framework to predict the outcomes of quality offsetting. A. Given a function that 

describes the relationship between a biodiversity indicator variable and habitat amount in the 

presence (grey line) and absence (black line) of a management action that improves habitat 

quality, the indicator variable’s value can be predicted for both (1) maintaining habitat amount at 

current levels (black text), and (2) offsetting a given amount of habitat clearance by improving the 

quality of remaining habitat (arrow and grey text). The ratio of these two numbers measures the 

'biodiversity gain' of quality offsetting. For the hypothetical function shown in panel A, an 

unmanaged landscape with 75% of habitat cover contains 11 species, whereas a managed 

landscape with 50% cover contains 14 species. Offsetting the clearance of 25% of the unmanaged 

landscape's habitat by improving the quality of remaining habitat (grey arrow) therefore results in 

a biodiversity gain of 14/11 = 1.27 (i.e. 1.27 species after offsetting for every species present prior 

to habitat clearance). B. Calculating 'biodiversity gain' for all scenarios of starting habitat cover and 

amount of habitat clearance allows prediction of when habitat clearance can be offset with quality 

offsetting. The horizontal grey line indicates a biodiversity gain of 1 (i.e. no change), above which 

the response variable increases following offsetting and below which it decreases. The 'X' denotes 

the predicted biodiversity gain for the hypothetical offsetting scenario shown in panel A.  
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The framework, as described, predicts the absolute outcomes of quality offsetting; that is, 

compared with avoiding habitat clearance altogether. Equivalently, it predicts the 

outcomes of quality offsetting relative to a specific scenario of quantity offsetting, in 

which cleared habitat is immediately replaced with an identical amount of new habitat. 

However, our framework can be extended to compare quality offsetting to different 

scenarios of quantity offsetting, in which cleared habitat is replaced with different 

amounts of new habitat (Supplementary figure 5.1). We stress, however, that predictions 

of the relative outcomes of quality versus quantity offsetting are based on an idealised 

form of quantity offsetting, in which cleared habitat is instantaneously replaced with new 

habitat of identical quality (Supplementary figure 5.1). In reality, time lags and uncertainty 

in the outcomes of habitat creation projects mean that the 'effective amount' of habitat 

created may be far smaller than the habitat creation area (Moilanen et al., 2009b; Curran 

et al., 2013). Our framework does not account for these issues, because the outcomes of 

quantity offsetting are predicted from the relationship between the biodiversity indicator 

and habitat amount (Supplementary figure 5.1), rather than the measured outcomes of 

habitat creation projects. 

 

The functional relationship used as input for the framework would ideally be determined 

empirically (as we demonstrate below), but could also be determined from ecological 

theory or expert opinion (see Wilson et al. 2007 for an example). Similar approaches, 

which use predefined functional relationships to estimate the effectiveness of particular 

conservation management actions while accounting for the current amount of 
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management, are common in systematic conservation planning analyses (e.g. Wilson et 

al., 2007; Walker et al., 2012).  

 

Where functional relationships are estimated empirically, bootstrapping can be used to 

create confidence intervals around the estimated biodiversity gain. This allows 

researchers to make statements about the certainty with which offsetting is predicted to 

result in 'no net loss'. This will be useful when managers wish to avoid the clearance of 

habitat unless quality offsetting has a high probability of achieving no net loss (Moilanen 

et al., 2009b). 

 

5.2.2 Case study: predicting when impacts of forest clearance on New Zealand birds 

can be offset with invasive-species control 

To illustrate our offsetting framework, we use field surveys to estimate the functional 

relationships between forest cover, level of pest control, and the richness and relative 

abundance of forest birds in northern New Zealand. We use these functional relationships 

as input for our framework, to predict when the impacts of forest clearance on bird 

richness and relative abundance can be offset with pest control in remaining forest 

(hereafter 'PC quality offsetting'). We use 'forest cover' as a proxy for 'habitat cover', 

acknowledging that in reality 'habitat' is a species‐specific concept and is unlikely to align 

perfectly with 'forest' (Hall et al., 1997). Nonetheless, this approach is typical of offsetting 

programmes, which generally aim to offset the impacts of 'habitat' clearance by replacing 

the vegetation class cleared with newly‐created or newly‐protected vegetation of the 

same class. 
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Methods for estimating functional relationships between bird communities, forest cover, 

and level of pest control are described fully in Appendix 5.1. Briefly, we used five‐minute 

bird counts (Hartley, 2012) to sample forest bird communities at 195 sampling stations 

across northern New Zealand, measuring the richness (total number of species recorded 

across three counts) and relative abundance (total number of individuals recorded across 

three counts; hereafter 'abundance') of native forest birds. We measured the percent 

cover of native forest in the surrounding landscape (i.e. within a 1 km radius of the 

sampling station), and classified each landscape into one of five pest control categories 

according to the dominant type of pest control in place: eradication ('E'); high‐intensity rat 

and possum control ('HRP'); low‐intensity rat and possum control ('LRP'); periodic possum 

control ('PP'); and no control ('NC'). We also measured a range of additional variables that 

had the potential to confound relationships between bird communities, forest cover, and 

pest control, so that we could include these variables in our statistical models and control 

for their effects (Appendix 5.1). 

 

These field surveys sampled bird communities with reasonable intensity within each pest 

control category (n ≥27 sampling stations per category), and sampling stations within each 

category were distributed across the full range of values of native forest cover (~1‐100 %). 

An exception was the eradication category, which was sampled with 12 sampling stations 

across forest cover values ranging from 12‐36 % (Supplementary table 5.3). 
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We used Poisson generalised linear mixed models (GLMMs) to model each biodiversity 

indicator (i.e. bird richness and abundance) as a function of forest cover, pest control 

category, and their interaction, while also controlling for the influence of our potentially 

confounding variables (Appendix 5.1). We used predicted values from these models to 

estimate the functional relationship between each biodiversity indicator, forest cover, and 

pest control category. These functional relationships were used as input into our 

offsetting framework to predict the outcomes of PC quality offsetting.  

 

To examine how uncertainty in our modelled relationships influenced predictions of the 

outcomes of quality offsetting, we used non‐parametric bootstrapping to create 

confidence intervals around our estimates of biodiversity gain. We used the 'boot' 

function of the 'boot' package (Canty & Ripley, 2014) in R to randomly re‐sample our data 

and re‐estimate model parameters 1000 times. We used the model‐predicted values from 

each of these samples as input into our offsetting framework, resulting in a set of 1000 

estimates of biodiversity gain for every combination of starting forest cover, proposed 

amount of clearance, and pest control category. We used the 'boot.ci' function from the 

boot package to calculate a 90% confidence interval for each of these sets, specifying the 

'BCa' method to correct for any bias and skewness in the bootstrap distribution (Efron, 

1987). The lower limit of this 90% confidence interval corresponded to a 95% one‐tailed 

confidence interval, allowing us to estimate with 95% certainty whether the expected 

value of biodiversity gain was >1 (and therefore corresponded to 'no net loss' of our 

biodiversity indicator).  
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For our main analysis, we estimated biodiversity gain in terms of the absolute outcomes of 

PC quality offsetting; that is, compared with not clearing forest in the first place (or 

equivalently, replacing cleared forest with an identical amount of new forest). However, 

we were also interested in the performance of quality offsetting relative to scenarios of 

'net gain' quantity offsetting, in which cleared forest would not only be replaced, but 

additional forest would also be added to the landscape. This 'net gain' in habitat amount is 

the aim of some real‐world quantity offsetting programmes (e.g. Gibbons & Lindenmayer, 

2007). In supplementary material, we extend our analyses to compare the performance of 

quality offsetting to different scenarios of 'net gain' quantity offsetting, in which cleared 

forest is replaced and an additional 10, 25, or 50% of the landscape is also converted to 

native forest cover. We do not compare the performance of quality offsetting to scenarios 

of quantity offsetting in which less forest is replaced than cleared, since these scenarios 

would not achieve the 'no net loss' criterion that is the goal of most offsetting programs 

(ten Kate et al., 2004; Gibbons & Lindenmayer, 2007). 

 

5.3 Results 

Our Poisson GLMMs suggested positive but non‐linear effects of forest cover on the 

richness and relative abundance of forest bird communities. Both richness and relative 

abundance increased steeply at very low levels of forest cover, then levelled off at higher 

forest cover values (Figure 5.2). The effects of pest control were largely in line with 

expectation, with richness and relative abundance tending to increase with increasing 

intensity of pest control (Figure 5.2). Our models also suggested that pest control and 
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forest cover did not interact in their effects on richness or abundance (Supplementary 

results in Appendix 5.1). 

 

  

Figure 5.2. Model‐predicted values for the effects of native forest cover and pest control category 

on (A) richness and (B) abundance of native forest birds. Predictions were made from Poisson 

generalized linear mixed models that also controlled for a range of confounding variables. E = 

eradication; HRP = high‐intensity rat and possum control; LRP = low‐intensity rat and possum 

control; PP = periodic possum control; NC = no control. Truncated values for eradication 

predictions reflect the reduced range over which forest cover was measured for this pest control 

category.  

 

 

Using the predicted values from these GLMMs as input into our offsetting framework to 

predict the absolute outcomes of PC quality offsetting (i.e. relative to avoiding forest 

clearance altogether), we found that outcomes depended strongly on starting levels of 
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forest cover, proposed amount of forest clearance, and category of pest control (Figure 

5.3). For the two lower‐intensity pest control categories (LRP and PP), PC quality offsetting 

was predicted to result in either very modest biodiversity gains or in biodiversity losses for 

all scenarios of starting forest cover, proposed forest clearance, and biodiversity indicator 

(Figure 5.3).  
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Figure 5.3 (caption overleaf). 
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Figure 5.3. Predicted biodiversity gain of PC quality offsetting in terms of richness (left column) 

and abundance (right column) of native forest birds. Graphs show the estimated biodiversity gain 

from conducting one of four categories of pest control (E = eradication; HRP = high‐intensity rat 

and possum control; LRP = low‐intensity rat and possum control; PP = periodic possum control) in 

remaining forest, given a starting amount of forest cover and a proposed amount of forest loss in 

landscapes with no current pest control. Horizontal grey lines show a biodiversity gain of one, 

above which biodiversity values increase following PC quality offsetting and below which they 

decrease. Truncated values for eradication predictions reflect the reduced range over which forest 

cover was measured for this pest control category. Biodiversity gain was estimated from model‐

predicted values shown in Figure 5.2.  

 

 

Offsetting with HRP control provided similarly modest gains in richness but more 

substantial gains in abundance. The framework predicted a c. 25% increase in abundance 

when the amount of clearance was low (<10% of total landscape area) for a wide range of 

starting forest cover levels, and a similar increase in abundance under even very large 

amounts of forest clearance (50% of total landscape area) when starting forest cover was 

high. Consequently, offsetting habitat clearance with HRP in remaining habitat was only 

predicted to result in a net loss of richness or abundance when post‐offsetting cover level 

(i.e. starting cover level minus amount of clearance) fell below c. 3% (Figure 5.3).  

 

Offsetting habitat clearance with eradication provided the greatest biodiversity gains, but 

we were unable to make comprehensive predictions for this pest control category 

because of the limited range of forest cover values sampled. Nonetheless, for starting 
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forest cover values of 12‐36% percent and proposed forest clearance of 5‐10% (i.e. the full 

range of values we were able to predict over), offsetting forest clearance with eradication 

was predicted to substantially increase richness and abundance (by c. 30% and 80%, 

respectively; Figure 5.3).  

 

When we recalculated the biodiversity gain of PC quality offsetting using the lower limit of 

a one‐sided 95% confidence interval, we found that eradication offsetting was still 

predicted to consistently achieve 'no net loss' (i.e. a biodiversity gain >1; Figure 5.4). We 

could be 95% confident that this form of offsetting would result in an average increase in 

bird richness of at least c. 20%, and an average increase in bird abundance of at least c. 

25%, across the range of values measured (Figure 5.4). We could also be 95% confident 

that, on average, HRP control would achieve 'no net loss' when the proposed amount of 

forest clearance was less than c. 10% and starting amount of forest cover was greater than 

c. 25%. In contrast, we could not be 95% confident that LRP or PP control would achieve 

'no net loss' of both richness and abundance under any scenario of starting forest cover 

level and proposed amount of clearance (Figure 5.4). 
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Figure 5.4 (caption on next page).  
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Figure 5.4. Accounting for uncertainty in the modelled relationships between forest cover, pest 

control category, and bird richness and abundance when predicting the biodiversity gain of PC 

quality offsetting. The figure is identical to Figure 5.3, except that plotted values show the lower 

limit of a one‐sided 95% confidence interval around the expected value of biodiversity gain, rather 

than the expected value itself. Given this uncertainty in modelled relationships, there is a 95% 

probability that the biodiversity gain for a given scenario will, on average, be at least as great as 

the plotted value. Similarly, there is a 95% probability that scenarios with a biodiversity gain >1 

will, on average, achieve 'no net loss' of the biodiversity indicator.  

 

 

When we extended our analyses to predict the benefits of quality offsetting relative to 

'net gain' scenarios of quantity offsetting (i.e. where forest cover was increased), we 

found that our predictions were remarkably insensitive to how much additional forest was 

added. Specifically, the scenarios in which quality offsetting was predicted to achieve 'no 

net loss' of the biodiversity indicator were often also the scenarios in which quality 

offsetting outperformed 'net gain' quantity offsetting, even when quantity offsetting 

involved increasing forest cover by as much as 50%. This was particularly true when 

quality offsetting used high‐intensity rat and possum control or eradication 

(Supplementary figures 5.1‐5.7). 

 

5.4 Discussion 

Research on the effectiveness of biodiversity offsetting programmes has typically focused 

on quantity offsetting strategies that aim to maintain or increase the amount of protected 
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habitat in the landscape (Gibbons & Lindenmayer, 2007; Moilanen et al., 2009b; Bekessy 

et al., 2010; Quértier & Lavorel, 2011; Curran et al., 2013), but many species may be 

better served by quality offsetting strategies that use alternative‐threat management to 

increase the quality of remaining habitat (Wilson et al., 2007). Nonetheless, predicting 

when quality offsetting is appropriate is not straightforward, and there is no established 

framework to do so.  

 

The framework we have presented allows quantitative prediction of the biodiversity 

outcomes of quality offsetting. Using this framework to predict when the impacts of forest 

loss on New Zealand bird communities can be offset by invasive‐species control, we found 

that this form of quality offsetting may produce substantial biodiversity gains in some 

scenarios, both in absolute terms (i.e. compared with avoiding forest clearance 

altogether) and relative to quantity offsetting. However, the outcomes of quality 

offsetting were also variable, and resulted in biodiversity losses in other scenarios. 

Moreover, these outcomes were not straightforward to predict, because they depended 

on the combined effects of the starting level of forest cover in the landscape, the 

proposed amount of forest clearance, the intensity of invasive‐species control, and the 

functional relationships used as input for the framework. Quality offsetting therefore 

appears to be able to deliver substantial benefits to biodiversity, but a framework such as 

ours will be necessary to predict when these benefits are likely to occur. 

 

We predicted that quality offsetting would outperform quantity offsetting in some 

scenarios, even compared with 'net gain' versions of quantity offsetting in which the 
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quantity of forest replaced was far greater than the amount cleared. Moreover, these 

estimates of the relative performance of quality offsetting are likely to be conservative, 

because our predictions of quantity offsetting outcomes were based on a best‐case 

scenario in which cleared forest was immediately replaced with new forest of identical 

quality. In reality, time lags and uncertainty in the outcomes of habitat creation projects 

mean that some quantity offsets may have much poorer biodiversity outcomes than 

predicted by our framework (Moilanen et al., 2009b; Curran et al., 2013). Of course, time 

lags and uncertainty may also occur for the outcomes of habitat quality management, but 

these tend to be relatively small when management targets specific threats (Maron et al., 

2012). Moreover, in our framework, time lags in the outcomes of habitat quality 

management will either (1) be implicitly accounted for, if the response of the biodiversity 

indicator is measured after the benefits of habitat quality management have been 

realised, or (2) result in a conservative estimate of the benefits of quality offsetting, if 

additional benefits are likely to occur after the response of the biodiversity indicator has 

been measured. 

 

The benefits of quality offsetting are also likely to be greatest when offsetting 

programmes are coupled with reintroduction programmes. This is because quality 

offsetting will only increase species richness following the recolonisation of species that 

went locally extinct as a consequence of habitat quality degradation. In our case study, for 

example, several pest‐controlled sites included reintroduced species, and a reanalysis 

which excluded these species found a much weaker effect of pest control on species 

richness (Supplementary figure 5.8). Conversely, only a small proportion of locally extinct, 
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pest‐sensitive species have been reintroduced to our study area (Miskelly & Powlesland, 

2013), and there is the potential for PC quality offsetting, coupled with further 

reintroductions, to have much greater effects on species richness than we predicted from 

our field data. 

 

We found that the relative benefits of quality versus quantity offsetting could strongly 

depend on starting levels of forest cover. However, other decision‐making tools that 

quantify the relative value of habitat quantity versus habitat quality management do not 

account for this context‐dependence, raising questions about their efficacy. For example, 

the 'habitat hectares' approach integrates quality and quantity by multiplying habitat area 

by a habitat quality score, to produce an estimate of 'effective' habitat area. This method 

was initially developed for examining the net outcomes of conservation policies, including 

offsetting policies (Parkes et al., 2003). Our results suggest that it is inappropriate to 

determine the value of an area of habitat simply by weighting its size by its quality, 

because the relative influence of habitat quality versus quantity on biodiversity may 

change with the amount of habitat in the landscape. 

 

We note that a number of factors that are external to our framework will also determine 

whether quality offsetting can benefit biodiversity in real‐world offsetting programmes. 

First, effective estimation of 'biodiversity gain' requires a biodiversity indicator that can 

reflect the biodiversity values of interest, and this may be difficult to measure in practice 

(Walker et al., 2009). For example, we illustrated our framework using bird richness and 

relative abundance as biodiversity indicators, but these variables may not reflect the 
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responses of other taxa to quality offsetting. Similarly, our 'relative abundance' indicator 

provided a proxy for the density of birds within forest patches, but not their landscape‐

level abundance. This may have strongly influenced our predictions of biodiversity gain, 

because forest clearance is likely to reduce landscape‐level abundance irrespective of any 

increases in local density that pest control might produce. The challenge for conservation 

managers will be to define indicator variables that reflect their conservation priorities, in 

terms of both taxa (for example, vertebrates versus vascular plants or invertebrates) and 

responses (for example, richness versus local density versus landscape‐level abundance). 

Second, the success of any offsetting programme depends on developer compliance, 

which may not occur (Gibbons & Lindenmayer, 2007). Ensuring a sufficient level of 

compliance may be especially problematic for management actions such as invasive‐

species control, which requires ongoing intervention to ensure biodiversity gains are 

maintained (Norton & Warburton, 2014). Third, management actions used to offset 

habitat clearance must not have occurred otherwise (i.e. there should be 'additionality' of 

actions). Additionality is likely to occur frequently where funding is limited and 

conservation actions are expensive, as is often the case with invasive‐species control 

(Wilson et al., 2007; Brown et al., 2014; Norton & Warburton, 2014).  

 

We also stress that quality offsetting may have impacts unrelated to 'biodiversity gain', 

and these impacts have not been accounted for in our analyses. For example, natural 

areas have aesthetic, recreational, and utilitarian values (Jamieson, 2008), which are likely 

to be harmed by habitat clearance but may not benefit from habitat quality management. 

Similarly, invasive‐species control may have considerable ethical costs when it involves the 
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killing of sentient pests, especially where control methods are inhumane (Jamieson, 2008; 

Warburton & Norton, 2009; Beausoleil et al., 2010). Nonetheless, our framework could be 

extended to account for these additional impacts. For example, Multi‐criteria Decision 

Analysis could be used to define a composite indicator variable that would combine the 

biodiversity indicator with indicators of other values (Steele et al., 2009), allowing the 

outcomes of quality offsetting to be assessed in terms of multiple potential impacts. 

 

In conclusion, by developing a framework for predicting the biodiversity outcomes of 

quality offsetting, we have demonstrated that this form of offsetting can potentially 

produce substantial benefits for biodiversity. Nonetheless, whether these gains occur will 

be context dependent, varying with the functional relationships between the biodiversity 

indicator, habitat amount, and the efficacy of habitat quality management, as well as the 

starting amount of habitat and proposed amount of clearance. A framework such as ours, 

which can make predictions about the biodiversity outcomes of quality offsetting while 

explicitly accounting for this context dependence, will be crucial for ensuring that 

decision‐makers can deliver the best outcomes for biodiversity where offsetting policies 

are in place. 

 

Supporting information 

Supporting information for this chapter can be found in Appendix 5, starting at page 217. 
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Chapter 6. Synthesis 

 

Conservation challenges in the 21st century 

Conservation management faces major challenges this century. Extensive, ongoing habitat 

loss will be an inevitable consequence of our expanding human population, and is the 

single biggest threat to global biodiversity (Sala et al., 2000; Tilman et al., 2011). However, 

the impacts of invasive species, climate change, and a range of other threatening 

processes also continue largely unabated (Sala et al., 2000; Munns Jr, 2006; Mace, 2014). 

These threats may interact with habitat loss, making their combined impacts on 

biodiversity variable and difficult to predict (Laurance & Cochrane, 2001; Didham et al., 

2007). Moreover, conservation funding is limited, and the management of one threat is 

likely to come at the expense of managing another (Wilson et al., 2007). Given this 

scenario of ongoing habitat loss, multiple concurrent threats, and limited conservation 

funding, there is a need to understand both (1) how habitat loss interacts with other 

threats, so that its impacts can be better predicted and managed; and (2) when scarce 

conservation resources should be spent managing the impacts of alternative threats, 

rather than the impacts of habitat loss. This understanding is currently limited, but may be 

crucial for developing effective strategies to preserve biodiversity (Laurance & Cochrane, 

2001; Moilanen et al., 2009a).  

 

The role of interactions in minimising the impacts of habitat loss 
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Examining interactions between native forest loss, replacement land use, and invasive 

mammals in New Zealand, I found that the strength of interaction effects, and their 

significance for conservation management, was variable. Measuring how native forest loss 

interacted with replacement land use in its effects on native bird communities, I found 

that the impacts of native forest loss were far weaker when cleared forest was replaced 

with 'low‐contrast' pine plantation than with 'high‐contrast' agriculture (Chapter 2). This 

finding is intuitive, and has been hypothesised previously in New Zealand (Norton & 

Miller, 2000; Brockerhoff et al., 2008a; Pawson et al., 2010). Nonetheless, the strength of 

this interaction was surprising, with pine able to largely mitigate the effects of native 

forest loss when it dominated matrix land use. Moreover, the mitigating effect of pine was 

still strong when it comprised a modest proportion (i.e. 5‐25%) of matrix land. 

 

Together, these results add to a growing body of evidence that suggests that matrix 

composition influences the impacts of habitat loss (e.g. Prugh et al., 2008; Zurita & 

Bellocq, 2010; Watling et al., 2011), and indicate that plantation forests can play an 

important role in minimising the impacts of habitat loss in forest biomes. The impacts of 

forest loss are likely to be weaker in those landscapes containing a high proportion of 

plantation forest, while the addition of even modest amounts of plantation forest may 

help to preserve biodiversity in production landscapes with very low natural forest cover. 

Conversely, the conversion of plantation forests to high‐contrast land uses – as is currently 

underway in New Zealand (Pawson et al., 2010) – may harm biodiversity even without the 

clearance of any natural forest cover. 
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In contrast to this strong interaction between the effects of forest loss and matrix 

composition, evidence that forest loss interacted with invasive mammals in its impacts on 

forest birds was equivocal. Testing for an 'interaction chain' effect in which forest loss 

altered the abundance of invasive mammals (Didham et al., 2007), I did find that ship rat 

capture rates were lower at the forest edge than in the forest interior (Chapter 3). This 

suggests that the impacts of forest loss may be weaker in those areas where ship rats 

occur, because forest loss will expose more habitat to forest edges and reduce the 

impacts of ship rats. However, I identified edge‐driven variation in vegetation structure as 

a major mechanism driving edge effects on ship rats, and this response of vegetation to 

forest edges is itself very variable (Murcia, 1995). Consequently, it seems likely that in 

some systems forest edges may exacerbate, rather than reduce, the impacts of ship rats. 

More generally, edge effects on generalist predators are variable and difficult to predict 

(Lahti, 2009), and an important outcome of this chapter is that it demonstrated the utility 

of path analysis as a powerful tool for identifying the mechanisms that underlie this 

variability. 

 

While the results of Chapter 3 indicated forest edges can alter the abundance of ship rats, 

I found no evidence that landscape‐level forest cover influenced the abundance of rats 

and possums throughout the Auckland region (Chapter 4). This discrepancy may be 

explained by the relatively small spatial scale over which the edge effects identified in 

Chapter 3 operated. Whereas edge effects had weakened considerably only tens of 

metres into the forest interior, most of the sites sampled in Chapter 4 were several 

hundred metres from the forest edge. I suggest that forest loss does not strongly influence 
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the abundance of invasive rats and possums in New Zealand, except perhaps in those 

landscapes where much of the forest that remains is in close proximity to forest edges. Of 

course, it is possible that forest loss and invasive mammal impacts might interact 

independently of any changes in invasive mammal abundance. For example, forest loss 

could reduce the quality of habitat within patches, leading native birds to spend more 

time foraging and less time defending nests (Newton, 1998; Zanette et al., 2000; Evans, 

2004). The significance of these types of interaction should be a topic of future research. 

 

Managing habitat loss versus alternative threats 

Where conservation resources are limited and multiple threats to biodiversity co‐occur, 

biodiversity preservation may be best achieved not by managing the impacts of habitat 

loss, but by managing alternative threats (Wilson et al., 2007). In New Zealand, predation 

from invasive mammals strongly impacts native forest birds (Innes et al., 2010). This 

suggests that conservation managers may best be able to preserve bird communities by 

focusing their limited resources on conducting pest control. However, in examining the 

effectiveness of different pest control regimes in the Auckland region (Chapter 4), I found 

that the low‐intensity operations that dominate the region had no measurable effect on 

the relative abundance of invasive rats or possum. These operations cost millions of 

dollars and kill tens of millions of sentient pests each year in New Zealand (Warburton, 

2009; Warburton & Norton, 2009), and my results raise questions about how often these 

costs are justified. However, there was considerable variation in the outcomes of low‐

intensity operations, and a priority for future research should be to determine the factors 

driving this variation, so that effective low‐intensity control regimes can be identified. 
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Conversely, high‐intensity operations were able to consistently and substantially reduce 

rat and possum abundance, although it is unknown whether these reductions were 

sufficient to benefit pest‐sensitive native species. 

 

This analysis also revealed that environmental predictors (local vegetation characteristics 

and climate and topography) strongly influenced the relative abundance of rats and 

possums in the Auckland region. These predictors may therefore help to prioritise 

locations for pest control, in conjunction with the distribution of pest‐sensitive native 

species. More generally, the results of Chapter 4 highlight the value of pest monitoring 

programmes for informing conservation management. Conservation agencies with limited 

funding often forego pest monitoring, because resources spent on monitoring are no 

longer available for pest control (Reddiex et al., 2006). However, my results suggest that 

pest monitoring can be an important part of efficient conservation, ensuring that 

management is sufficiently intensive to achieve conservation goals while also helping to 

identify locations where management may be most required. 

 

Management actions that succeed in providing relief from alternative threats have the 

potential to offset the impacts of habitat loss. In real‐world scenarios in which 

conservation resources are insufficient to manage both habitat loss and alternative 

threats, the proceeds from habitat clearance can be used to fund alternative‐threat 

management that would not otherwise have occurred. This is a potentially powerful 

conservation strategy where habitat loss is ongoing (Norton & Warburton, 2014), but a 

crucial question is whether the biodiversity gains from this alternative‐threat 
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management outweigh the biodiversity costs of the habitat loss used to fund it. I 

developed a quantitative framework to tackle this question, then predicted when the 

impacts of forest loss on New Zealand bird communities can be offset with invasive‐

mammal control in remaining forest (Chapter 5). I found that outcomes were variable, 

depending on the amount of forest cover in the landscape, the proposed amount of forest 

clearance, and the intensity of pest control, as well as the functional relationships 

between forest cover, invasive‐mammal control, and bird communities. Consequently, 

this form of offsetting produced substantial biodiversity gains in some scenarios, both in 

absolute terms (i.e. compared with avoiding forest clearance altogether) and relative to 

more traditional forms of offsetting (i.e. where cleared forest was replaced). However, in 

other cases it produced biodiversity losses. These findings suggest that alternative‐threat 

management can be used to offset the impacts of habitat loss in some scenarios, but that 

a framework such as the one described in Chapter 5 will be necessary to predict when it is 

appropriate.  

 

Conclusions  

The results of this thesis suggest that interaction effects and alternative‐threat 

management can be incorporated into powerful strategies for conserving biodiversity in 

the face of ongoing habitat loss. However, in my study system, the utility of these 

strategies was variable. First, the importance of interactions was very different for 

different threats, with strong interactions between forest loss and changing matrix land 

use, but weak interactions between forest loss and invasive mammals. Second, 

alternative‐threat management did not always appear to be effective, with common pest 
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control regimes having no measureable effect on invasive‐mammal abundance. Third, the 

ability of alternative‐threat management to offset the impacts of forest loss depended on 

a wide range of factors: the intensity of invasive‐mammal control; starting level of forest 

cover; proposed amount of forest loss; and functional relationships between forest cover, 

invasive‐mammal control, and bird communities. An improved understanding of 

interaction effects and alternative‐threat management may be crucial for preserving 

biodiversity in those systems threatened with ongoing habitat loss, but effective 

conservation management is likely to require region‐specific information on how 

interacting threats, and the management actions designed to alleviate them, combine to 

influence biodiversity. 
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Appendix 1.1: Accounting for the causal basis of collinearity when measuring the 

effects of habitat loss versus habitat fragmentation 

 

Jay Ruffell, Cristina Banks‐Leite, and Raphael K. Didham* 

 

Abstract 

Collinearity among metrics of habitat loss and habitat fragmentation is typically treated as 

a nuisance in landscape ecology, and it is the norm to use statistical approaches that 

remove collinear information prior to estimating model parameters. However, collinearity 

may arise from causal relationships among landscape metrics, and may therefore signal 

the occurrence of indirect effects (where 'causally upstream' model predictors influence 

the response variable by driving changes in 'downstream' model predictors). Here we 

suggest that, far from being merely a statistical nuisance, collinearity may be crucial for 

accurately quantifying the effects of habitat loss versus habitat fragmentation. We use 

simulation modelling to create datasets of collinear landscape metrics in which collinearity 

arose from causal relationships, then test the ability of two statistical approaches to 

estimate the effects of these metrics on a simulated response variable: (1) multiple 

regression, which statistically removes collinearity, and which was identified in a recent 

study as the best approach for estimating the effects of collinear landscape metrics 

(although this study did not account for any indirect effects implied by collinearity among 

metrics); and (2) path analysis, which accounts for the causal basis of collinearity. In 
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agreement with this previous study, we found that multiple regression gave unbiased 

estimates of direct effects (effects not mediated by other model predictors). However, it 

gave biased estimates of the total (direct + indirect) effects of causally upstream 

predictors. In contrast, path analysis reliably identified the causal basis of collinearity and 

gave unbiased estimates of direct, indirect, and total effects. We suggest that effective 

research on the impacts of habitat loss versus fragmentation will often require tools that 

can examine the causal basis of collinearity among landscape metrics and account for any 

indirect effects that this collinearity implies. Path analysis, but not multiple regression, 

provides such a tool. 

 

Introduction 

Effective management of land use change on ecological systems requires an 

understanding of the relative influences of habitat loss versus habitat fragmentation. In an 

applied context, these relative effects might dictate whether conservation managers 

should focus on managing habitat amount (i.e. preventing habitat loss or creating new 

habitat) or whether the negative impacts of habitat loss can be mitigated by managing the 

spatial arrangement of habitat remnants (Fahrig, 1997; Koper et al., 2007; Smith et al., 

2009; Villard & Metzger, 2014). For example, habitat corridors might enhance connectivity 

among small isolated habitat patches, even though absolute habitat cover in the 

landscape is low (Fischer & Lindenmayer, 2007). Discriminating these habitat 

configuration effects from habitat amount per se is likely to be increasingly important in 

the face of a rapidly growing human population, as habitat mitigation strategies may be 

crucial for minimising the trade‐offs between biodiversity conservation and habitat 
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conversion for food and fibre production (Sala et al., 2000; Foley et al., 2005; Day et al., 

2009; Kelly & Sullivan, 2010).  

 

In recent decades, a growing body of literature has sought to measure the relative impacts 

of habitat loss versus habitat fragmentation on ecological systems. Despite this, our 

understanding of the relative effects of these processes remains poorly resolved 

(McGarigal & Cushman, 2002; Koper et al., 2007; Smith et al., 2009; Didham et al., 2012). 

A major reason for this is that metrics of habitat loss and fragmentation are typically 

highly collinear, making it difficult to tease apart their true effects (Koper et al., 2007; 

Didham et al., 2012; Pasher et al., 2013; Villard & Metzger, 2014). To deal with this issue, 

researchers have typically used regression‐based approaches that statistically remove 

collinearity among landscape metrics before estimating their independent effects (see 

Smith et al. 2009 for a review). This approach is in line with the widely‐held assumption 

that collinearity among metrics of habitat loss and habitat fragmentation is merely a 

nuisance that hampers effect estimation (e.g. McGarigal & Cushman, 2002; Fahrig, 2003; 

Smith et al., 2009; Pasher et al., 2013). However, recently Didham et al. (2012) highlighted 

the point that collinearity between metrics of habitat loss and habitat fragmentation may 

arise, at least in part, because changing habitat amount causes changes in habitat 

configuration. Two implications of this hypothesis are that (1) habitat amount and habitat 

fragmentation occur in a causal hierarchy in which habitat amount may indirectly 

influence ecological systems via altered habitat configuration; and (2) collinearity that 

results from these causal relationships represents a process that may have real effects on 

ecological systems. Didham et al. (2012) suggested that understanding the relative effects 
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of habitat loss and habitat fragmentation, as well as the specific mechanistic pathways 

through which these variables affect ecological systems, requires a statistical approach 

such as path modelling which can specifically measure and account for the causal basis of 

collinearity when estimating effects. 

 

In a recent study, Smith et al. (2009) examined the ability of a range of common statistical 

methods to measure the independent effects of habitat loss and fragmentation on 

ecological systems when these variables are collinear. To do this, they measured metrics 

of habitat loss and fragmentation (hereafter 'landscape metrics') from real landscapes, 

then used simulation modelling to generate a response variable that was a function of 

these metrics. They then tested how well each of six different statistical methods was able 

to estimate the 'true effects' of the landscape metrics, where true effects were defined as 

the coefficients of the equations used to generate their response variables. Smith et al. 

(2009) found that many statistical methods gave biased estimates of these true effects, 

but that the partial regression coefficients produced by multiple regression gave unbiased 

estimates provided that all influential predictors were included in their models. 

Consequently, they recommended the use of partial regression coefficients to estimate 

the effects of habitat loss versus habitat fragmentation, provided that these variables 

represent distinct ecological processes (Smith et al., 2009). This approach has been 

adopted in some recent studies (e.g. Schipper et al., 2011; Smith et al., 2011a; Smith et al., 

2011b; Thornton et al., 2011; Cushman et al., 2012; Soomers et al., 2013). 
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By simulating a response variable as a function of their landscape metrics, Smith et al. 

(2009) were able to use the coefficients that generated their response variable as a 

benchmark for testing the efficacy of different statistical methods. However, in defining 

these coefficients as 'true effects', the study did not account for the causal basis of the 

collinearity observed among metrics. Collinearity must have a causal basis (random co‐

variation notwithstanding), whether it be that metrics are jointly influenced by 

unmeasured variables (a 'causal independence' collinearity scenario), or that one metric 

influences another (a 'causal relationships' collinearity scenario, as suggested by Didham 

et al. 2012) (Figure 1a,b). Crucially, the 'true effects' of Smith et al. (2009) represented 

only the direct effects of their model predictors: that is, those effects that were not 

mediated by any other predictors in their model (Grace, 2006; Figure 1c). However, if 

collinearity arose through causal relationships among metrics this would give rise to 

additional indirect effects that the 'true effects' did not measure (Figure 1b). We stress 

that Smith et al. (2009) acknowledged that their study was limited to the estimation of 

independent (i.e. direct) effects, and so their approach of measuring 'true effects' without 

accounting for the causal basis of collinearity among landscape metrics is appropriate 

under this scenario. However, the conclusions of Smith et al. (2009) will not be applicable 

to situations where researchers are interested in estimating indirect effects in addition to 

direct effects. 

 



148 
 

 

Figure 1: The importance of accounting for the causal basis of collinearity when quantifying the 

effects of correlated landscape predictors. Panels (A) and (B) show alternative causes of 

collinearity between two landscape metrics, habitat amount (Amount) and mean patch size (MPS), 

together with the direct and indirect effects of these metrics on an ecological response variable. In 

panel (A), metrics are causally independent, but correlated because they are jointly influenced by 

unmeasured variables. Because variables do not causally influence each other there are no 

indirect effects on the response variable. In panel (B), metrics are causally related, with collinearity 

occurring because Amount drives variation in MPS. In this case, Amount influences the response 

variable both directly (solid line) and indirectly via changes in MPS (dashed line). Panel (C) shows 

the equation used by Smith et al. (2009) to test the ability of different statistical approaches to 

measure the independent (i.e. direct) effects of Amount and MPS on a simulated response 

variable, together with the conceptual model implied by this equation. Numbers beside single‐ and 

double‐headed arrows in this panel show the coefficients used for simulated effects and the 

correlation observed between Amount and MPS, respectively. These coefficients were defined as 

the 'true [direct] effects' in this study, against which statistical estimates were benchmarked. 

However, without examining the causal basis of collinearity among their landscape metrics, it is 
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not possible to know whether these direct effects also represented total effects, as would be the 

case if metrics were causally independent, or were biased estimates of total effects because they 

ignored indirect effects, as would be the case if metrics were causally related. Following path 

modelling conventions, double‐headed arrows represent collinearity among variables whose cause 

is ignored, while single‐headed arrows represent modelled causal effects.  

 

 

Accounting for indirect effects may be an important part of accurately predicting the real‐

world effects of land use change on an ecological system (Didham et al., 2012). Because 

the indirect effects of a predictor are those effects that are mediated by the other 

predictors in a model (Grace, 2006), they will have a real impact on the ecological system 

under study whenever (1) changes to the level of one predictor causes changes to the 

levels of other predictors in the model, and (2) these other predictors influence the 

ecological system. For example, in the Waikato region of New Zealand the occurrence of 

North Island robins (Petroica longipes) is mainly driven by habitat isolation (Richard & 

Armstrong, 2010), and metrics of habitat amount and habitat isolation are correlated in 

this region (MfE, 2004b). If this correlation occurs because decreasing habitat amount 

drives increases in habitat isolation (Didham et al., 2012), then habitat amount will 

indirectly affect the occurrence of robins via its effects on habitat isolation. In this case, 

the real‐world effects of varying habitat amount on robin occurrence will correspond to 

the total (direct + indirect) effects of habitat amount, rather than its direct effects alone.  
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Conversely, there are situations in which indirect effects may not need to be accounted 

for when predicting the effects of land use change on an ecological system. First, in any 

scenario where model predictors are causally independent, indirect effects among model 

predictors will not occur and direct effects will correspond to the real‐world effects of the 

predictor on the response variable (Figure 1). Second, direct effects will correspond to the 

real‐world effects of a model predictor if any indirect effects will be avoided by the 

particular management scenario under investigation. In the North Island robin example 

above, it may be possible to reduce habitat amount without reducing habitat isolation by 

leaving corridors of habitat between forest remnants. In this case the isolation‐mediated 

indirect effect of habitat amount on robin occurrence will not occur, because the normal 

causal relationship between habitat amount and habitat isolation will be disrupted by 

controlling the way in which habitat is removed from the landscape. As a result, the effect 

of habitat amount on robin occurrence will correspond to its direct effect alone. 

 

Here, we used simulation modelling to generate datasets that were essentially identical to 

those used by Smith et al. (2009), but where collinearity was known to arise from causal 

relationships among metrics. This knowledge of the causal basis of collinearity allowed us 

to calculate the 'true effects' of each landscape metric in terms of its direct, indirect, and 

total (direct + indirect) effects, rather than only in terms of its direct effects (Smith et al., 

2009). Our aims were to use these simulated datasets to (1) examine how collinearity 

which results from causal relationships among landscape metrics affects the ability of 

multiple regression to provide unbiased estimates of the direct, indirect, and total effects 

of these metrics on a simulated response variable; (2) examine whether path analysis, a 
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method specifically designed to test and account for the causal basis of collinearity among 

predictors, produces unbiased estimates of these effects; and (3) examine how different 

levels of collinearity among landscape metrics affects the extent to which these methods 

give biased estimates of direct, indirect, and total effects. 

 

Methods 

Simulating datasets of causally related landscape metrics 

We used simulation modelling to generate a multivariate normal dataset of four collinear 

variables, representing the four landscape metrics used by Smith et al. (2009): habitat 

amount (Amount), mean patch size (MPS), total amount of edge habitat (Edge), and 

landscape heterogeneity (Hetero). We simulated these metrics so that they had levels of 

collinearity (i.e. pairwise correlations) that were identical to those measured by Smith et 

al. (2009). Simulating these metrics allowed us to generate collinearity from a known 

process, so that we could identify and measure any indirect effects on our response 

variable. We generated landscape metrics under a 'causal relationships' scenario, in which 

collinearity between the four metrics arose because Amount causally influenced the other 

three metrics (Figure 2). We chose this specific causal structure because we considered 

that it was theoretically the most likely way in which these four landscape metrics might 

be related, as has been suggested previously (Didham et al., 2012). Indeed, when we 

applied path diagram rules to fit the pairwise correlations measured by Smith et al. (2009) 

to this model, the predicted correlations among variables were almost identical to those 

measured Smith et al. (2009) (Figure 2), suggesting that this 'causal relationships' scenario 

may well have been the true basis of collinearity among predictors for their dataset. 
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Figure 2. Hypothetical model of causal relationships among the four landscape metrics measured 

by Smith et al. (2009), used in this study to examine the effects of causal relationships among 

landscape predictors on the efficacy of multiple regression and path analysis. In the model, habitat 

amount (Amount) causally influences total amount of edge habitat (Edge), mean patch size (MPS), 

and landscape heterogeneity (Hetero) (single headed arrows), while Edge, MPS, and Hetero are 

causally independent from one another but correlated because they are jointly influenced by 

Amount (double headed arrows). Numbers give the correlations among these metrics observed by 

Smith et al. (2009), and numbers in parentheses give the correlations among Edge, MPS, and 

Hetero that would be predicted under this hypothetical causal model. The predicted correlations 

were calculated as the product of the correlations between each metric and Amount, following 

standard path modelling rules (Grace, 2006). 
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We used the following equations to generate observations of our landscape metrics and 

response variable so that they closely matched those of Smith et al. (2009), while still 

ensuring that collinearity among metrics arose from the causal structure described above: 

Amount = N(0,1) 

MPS = 0.76*Amount + ε 

Edge = 0.90*Amount + ε 

Hetero = 0.57*Amount + ε 

Response = 0.40*Amount + 0.40*MPS ‐ 0.40*Edge + 0.40*Hetero + ε 

where the notation N(0,1) refers to variables whose values were drawn from a normal 

distribution with a mean of zero and variance of one, and ε refers to error terms. See 

supplementary material within this appendix, starting at page 170, for a description of 

how these equations were derived. 

 

We used these equations to produce 100 datasets each containing 350 observations of 

Amount, MPS, Edge, and Hetero, to match the sample size used by Smith et al. (2009). 

Creating multiple datasets allowed us to repeatedly calculate the coefficients produced by 

multiple regression and path analysis, so that we could calculate both the bias and the 

variance of these coefficients (see below). These datasets were essentially 

indistinguishable from those used by Smith et al. in terms of the means and variances of 

their landscape metrics, the degree of collinearity among metrics, and the strength of 

direct effects of these metrics on the response variable (Table 1). However, these datasets 
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differed from those used by Smith et al. (2009) in that (1) the response variable was re‐

scaled to have the same mean and variance as the landscape metrics (which was 

necessary to calculate the size of indirect effects; Grace, 2006); (2) landscape metrics had 

homogeneity of variance, whereas those measured by Smith et al. (2009) were 

heteroscedastic; and (3) collinearity among landscape metrics arose from a known 

processes, which gave rise to indirect effects on the response variable. All simulations 

were conducted in the base package of R version 3.1.0 (R Core Team, 2012). 
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Table 1: Comparison of the datasets used in this study with those used by Smith et al. (2009). We 

simulated our landscape metrics, habitat amount (Amount), mean patch size (MPS), amount of 

edge habitat (Edge), and landscape heterogeneity (Hetero), so that they matched those of Smith 

et al. in terms of their means, variances, and degree of collinearity, and we simulated our response 

variable so that it matched Smith et al.'s in terms of the proportion of its variance explained by the 

four landscape metrics. However, whereas the cause of collinearity among metrics in Smith et al.'s 

datasets was unknown, collinearity in our data was known to arise from causal relationships 

among metrics (see main text for description). We simulated 100 datasets of landscape metrics 

and response variables, and table values show means and standard deviations averaged across 

these datasets. Smith et al. simulated 100 datasets of response variables from a single empirical 

dataset of landscape metrics, so correlations among their metrics are given as a single number.  

 Present study Smith et al. (2009) 

Variable means and variances   

Response  0.05 ± 1.00 Not given 

Amount ‐0.01 ± 1.02 0 ± 1* 

MPS  0.02 ± 1.02 0 ± 1* 

Edge  0.00 ± 1.01 0 ± 1* 

Hetero  0.02 ± 1.00 0 ± 1* 

   

Correlations among landscape metrics   

Amount:MPS 0.76 ± 0.06 SD 0.76 

Amount:Edge 0.90 ± 0.05 SD 0.90 

Amount:Hetero 0.57 ± 0.06 SD 0.57 

MPS:Edge 0.69 ± 0.06 SD 0.68 

MPS:Hetero 0.43 ± 0.06 SD 0.41 

Edge:Hetero 0.51 ± 0.06 SD 0.51 

   

Strength of direct effects of landscape 
metrics on response variable 

  

Variance in response explained by 
Amount + MPS + Edge + Hetero 

50.70 ± 4.14 SD % ~50 %* 

*As described in text by Smith et al. (2009) 
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Testing bias in estimates of direct, indirect, and total effects 

We calculated the true values of the direct, indirect, and total effects of our four 

landscape metrics on the response variable from the coefficients used to simulate the 

data. Following Smith et al. (2009), the true value of the direct effect of each metric was 

calculated as the coefficient used to simulate the response variable as a function of these 

metrics (i.e. a direct effect of 0.40 for all metrics). The true values for indirect effects were 

non‐zero only for Amount. We first calculated the three individual indirect effects of 

Amount (i.e. its MPS‐mediated effect, its Edge‐mediated effect, and its Hetero‐mediated 

effect) by multiplying the coefficient used to simulate each metric as a function of Amount 

by the direct effect of that metric (e.g. 0.40 × 0.76 = 0.30 for the indirect effect of Amount 

mediated by MPS; Grace, 2006). We then calculated the overall indirect effect of Amount 

by summing these individual indirect effects (Grace, 2006). The true value of the total 

effect of each metric was calculated as the sum of its direct and indirect effects (Grace, 

2006). 

 

We followed the methods of Smith et al. (2009) to measure the ability of multiple 

regression to estimate the true effects of our four landscape metrics on our simulated 

response variable. We used the 'lm' function in the base package of R to fit a multiple 

regression model to each of our 100 datasets, where the response variable was modelled 

as a function of the four metrics. We used the partial regression coefficients produced by 

these models as estimates of the true effects of these metrics. However, each model only 

provided a single partial regression coefficient per landscape metric, which was the 
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estimate of its direct effect (Grace, 2008). As a result, we took the estimate of the indirect 

effects of each metric to be zero, and the partial regression coefficients to be an estimate 

of both the direct and total (direct + indirect) effects of each metric. We calculated the 

means of these effect estimates, and their 95% confidence intervals, over the 100 datasets 

within each collinearity scenario. We compared these means to the true effects calculated 

from the coefficients used in our simulations, to examine whether multiple regression 

gave unbiased estimates of the direct, indirect, or total effects of our landscape metrics on 

the response variable.  

 

We used the same approach to measure the ability of path analysis to estimate the true 

effects of Amount, MPS, Edge, and Hetero on our simulated response variable. We used 

the 'lavaan' package in R (Rosseel, 2014) to fit a path model to each of our 100 datasets, 

where the path model specified corresponded to the causal model which we used to 

simulate our data: we specified that the response variable was a function of all four 

metrics, and that MPS, Edge, and Hetero were a function of Amount (Figure 2). We used 

the path coefficients produced by these models to estimate the direct, indirect, and total 

effects of our landscape metrics on the response variable. We calculated the direct effect 

of each metric as the coefficient for the path linking it to the response variable. We 

calculated the indirect effect of Amount (the only metric for which indirect effects 

occurred) by summing its individual MPS‐, Edge‐, and Hetero‐mediated indirect effects, 

where these individual indirect effects were calculated by multiplying the coefficient for 

the path linking each metric to Amount by the coefficient for the path linking that metric 

to the response variable. We calculated the total effect of each metric as the sum of its 
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direct and indirect effects (Grace, 2006). As for multiple regression, we calculated the 

means and 95% confidence intervals of these effect estimates over the 100 datasets, and 

compared these means to the true effects calculated from our simulation coefficients to 

examine whether path analysis gave biased estimates of direct, indirect, or total effects of 

the four landscape metrics on our response variable.  

 

Testing the ability of path analysis to identify correctly-specified path models 

The effect estimates produced by our path analyses were derived from path models that 

were always correctly specified. However, in real‐world path analyses the causal 

relationships among predictors may not be known a priori, and the plausibility of a 

hypothesised set of causal relationships would need to be measured from the data (Grace, 

2006, 2008). To examine whether we could specify the correct path model for our 

datasets without knowledge of the true causal relationships among predictors, we applied 

alternative, incorrect specifications of our path models to each of our 100 datasets, and 

used lavaan’s chi‐squared test to measure the fit of each path model. In addition to our 

correctly specified 'causal relationships' model (i.e. where Amount causally influenced the 

other three metrics, and all four metrics causally influenced the response variable) we 

specified three incorrect 'causal relationships' path models, in which either MPS, Edge, or 

Hetero causally influenced the other three metrics, and all four metrics causally influenced 

the response variable. We also specified an incorrect 'causal independence' path model, in 

which all four metrics were only correlated because they were jointly influenced by an 

extrinsic variable, and all four metrics causally influenced the response variable. This 

required the simulation of an additional variable, which we achieved by sampling random 
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deviates from a standard normal distribution. This approach ensured that the extrinsic 

variable was not causally related to our landscape metrics, consistent with our true 'causal 

relationships' data structure, and that it was measured on the same scale as our other 

variables (i.e. it had a mean of zero and a variance of one). We quantified our ability to 

specify the correct path model by calculating the percentage of chi‐squared tests that 

accepted the correct model (those tests where p > 0.05) and the percentage of tests that 

rejected the incorrect model (those tests where p < 0.05) for each of our five path model 

specifications. 

  

Testing bias in effect estimates under different levels of collinearity  

To examine how the degree of bias in effect estimates varied with the level of collinearity 

among landscape metrics, we re‐simulated our data while varying the level of collinearity 

between Amount (the only variable that produced indirect effects on the response 

variable) and the other metrics. We used simplified versions of our datasets for this 

analysis, utilising only Amount, MPS, and a response variable. This was because we would 

otherwise need to simultaneously vary the levels of collinearity between Amount and the 

three other landscape metrics, which would add unnecessary complexity to the analysis. 

We simulated these simplified datasets with the same causal structure as our 'full' 

datasets (i.e. Amount causally influenced MPS, and both Amount and MPS causally 

influenced the response variable), but under five different levels of collinearity between 

Amount and MPS: correlations of 0, 0.25, 0.5, 0.76 and 0.90. The value of 0.76 reflected 

the correlation between Amount and MPS measured by Smith et al. (2009), the value of 

0.90 reflected the maximum correlation these authors measured among any of their four 
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metrics, and the other values were selected to represent the full range of possible 

correlations among metrics below this maximum value. For each level of collinearity we 

simulated 100 datasets, each of which contained 350 observations of Amount, MPS, and 

the response variable, re‐adjusting the error terms in our equations to ensure variances of 

~1 were maintained. We then recalculated the size of direct, indirect, and total effects for 

each of these collinearity levels, and measured the degree of bias of the estimates of 

these effects produced by multiple regression and path analysis, as described above.  

 

Results 

Testing bias in the estimates of multiple regression and path analysis 

As found by Smith et al. (2009), we found that partial regression coefficients from multiple 

regression models gave unbiased estimates of model coefficients when considering just 

the direct effects of our four landscape metrics on the simulated response variable (Fig 

3a). However, multiple regression was unable to measure the indirect effects of Amount 

that arose because of its causal influence on the other metrics. This meant that partial 

regression coefficients from the multiple regression model were strongly biased estimates 

of the total effects of Amount. In our modelled example, the average multiple regression 

estimate for the total effect of Amount was just over half of the true total effect (Figure 

3a). In contrast, our path analysis models gave unbiased estimates of the direct, indirect, 

and total effects of all four landscape metrics (Figure 3b). In this particular simulation, the 

confidence intervals for the average multiple regression estimate of the total effect of 

Amount did overlap the true value (Figure 3a), but we show below that the true value of 
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this effect moves well beyond the confidence intervals of the multiple regression estimate 

as collinearity among predictors increases. 

 

 

 

Figure 3: Multiple regression and path analysis estimates of direct, indirect, and total (direct + 

indirect) effects of four collinear landscape metrics on a simulated response variable, where 

metrics either did (circles) or did not (triangles) indirectly influence the response variable. Metrics 

were: habitat amount ('A'), total amount of edge habitat ('E'), landscape heterogeneity ('H'), and 

mean patch size ('M'). Effect sizes were estimated separately from 100 datasets; symbols and their 

error bars show means and 95% confidence intervals for these estimates, respectively. Confidence 

intervals were measured as the effect estimates corresponding to the 2.5 and 97.5 percentiles, 

following Smith et al. (2009). Grey bars show the true values of effects based on the coefficients 

that were used to simulate the data, and braces highlight those effect estimates that deviated 

from these true values. 
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The ability of path analysis to select a correctly specified path model 

Our tests of model fit suggested that path analysis had a very good ability to identify the 

correctly specified path model. These tests rejected all 400 of our incorrectly specified 

models, and accepted 91% of our correctly specified models (chi‐squared tests, α=0.05, 

df=3). The frequency with which these tests accepted the correct model was similar to the 

95% rate expected for our alpha value. 

 

Bias in effect estimates under different levels of collinearity 

In a test of the influence of differing levels of predictor collinearity on estimates of the 

total effects of Amount (the only variable for which indirect effects on the response 

variable occurred), we found that the degree of bias in multiple regression estimates 

increased with the degree of collinearity. In contrast, path analysis estimates were 

unbiased regardless of the level of collinearity. Only under the empirically unrealistic 

scenario of zero collinearity among predictors did the multiple regression estimates of 

total effects converge with the path analysis estimates (Figure 4).  

 

Not only did the degree of bias in effect estimates depend on levels of collinearity among 

metrics, but variance in effect estimates also increased with the level of collinearity for 

both statistical approaches. This effect became considerably stronger when the 

correlation among landscape metrics rose above 0.5 (Figure 4). 
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Figure 4: Estimates of the total (direct + indirect) effects of habitat amount on a simulated 

response variable measured by multiple regression (circles) and path analysis (triangles) under 

different levels of collinearity between habitat amount and a second variable, mean patch size 

(MPS), which also affected the response variable. Collinearity occurred because habitat amount 

causally influenced MPS, giving rise to indirect effects of habitat amount on the response variable. 

Effect sizes were estimated separately for 100 datasets; symbols and their error bars show means 

and 95% confidence intervals for these estimates, respectively. Confidence intervals were 

measured as the effect estimates corresponding to the 2.5 and 97.5 percentiles, following Smith et 

al. (2009). Grey bars show the true values of the total effects of habitat amount on the response 

variable, based on the coefficients that were used to simulate the data. The declining multiple 

regression estimates reflect the fact that simulation coefficients corresponding to direct effects 

had to be decreased in order to keep R2 values, means and variances constant while increasing 

collinearity among predictors.  
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Discussion 

Ability of multiple regression and path analysis to estimate direct, indirect, and total 

effects 

Understanding the relative effects of habitat loss versus habitat fragmentation may be 

crucial for effective management of the impacts of land use change on ecological systems, 

but this understanding has been limited by uncertainty over which statistical tools can 

correctly estimate the effects of collinear landscape metrics (Smith et al., 2009; Didham et 

al., 2012; Villard & Metzger, 2014). Recently, Smith et al. (2009) found that multiple 

regression can provide unbiased estimates of the independent (i.e. direct) effects of 

landscape metrics, even in the face of high collinearity. However, multiple regression 

statistically removes collinear information prior to estimating model parameters, and so 

cannot account for any ecological processes that this collinearity signals (for example, 

causal relationships between metrics and any indirect effects that these relationships 

imply). As a result, multiple regression is not a suitable tool for estimating the relative 

effects of collinear landscape metrics when researchers are interested in accounting for 

indirect effects in addition to direct effects. 

 

Indeed, in repeating Smith et al.’s (2009) analyses while accounting for the causal basis of 

collinearity, we found that causal relationships among model predictors can strongly 

influence the ability of multiple regression to estimate 'true effects' when these 

correspond to total (direct + indirect) effects. In agreement with Smith et al. (2009), we 

found that multiple regression provided unbiased estimates of direct effects. Multiple 
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regression will therefore produce unbiased estimates of total effects when collinearity 

results from a process that does not give rise to indirect effects on the response variable 

(i.e. 'causal independence', Figure 1a), since direct and total effects will be equivalent. 

However, when collinearity results from a process that gives rise to indirect effects on the 

response variable, partial regression coefficients from multiple regression are biased 

estimates of total effects, with the degree of bias reflecting the strength of the collinearity 

and therefore the size of the indirect effect. Consequently, the estimated total effects 

given by multiple regression will be unreliable unless it is known a priori that the causal 

basis of collinearity among predictors does not result in indirect effects. 

 

In contrast to multiple regression, path analysis provides a tool for testing the causal basis 

of collinearity among predictors, then explicitly modelling any indirect effects that this 

causal basis implies (Shipley, 2002; Grace, 2006, 2008). When we specified path models 

that correctly represented the collinearity scenario used to generate our data, we found 

that path analysis gave unbiased estimates of the direct, indirect, and total effects of our 

landscape metrics. Moreover, by testing the fit of correctly versus incorrectly specified 

path models, we could reliably identify the collinearity scenario that was used to generate 

our datasets. 

 

Importantly, we believe that collinearity may often result from causal dependence among 

landscape metrics, giving rise to indirect effects. Although habitat loss and habitat 

fragmentation are often treated as independent processes (e.g. McGarigal & Cushman, 

2002; Fahrig, 2003; Smith et al., 2009; Pasher et al., 2013), it seems reasonable to assume 
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that metrics of habitat loss should be 'causally upstream' of metrics of habitat 

fragmentation, because habitat removal should alter the spatial arrangement of 

remaining habitat (Didham et al., 2012). Moreover, because landscape metrics are often 

highly correlated (Fahrig, 2003; Smith et al., 2009; Didham et al., 2012; Villard & Metzger, 

2014), there is the potential for any indirect effects that do occur to strongly contribute to 

total effects. Our results show that multiple regression may give strongly biased estimates 

of the total effects of landscape metrics under these circumstances. 

 

We stress that the values of direct and indirect effects depend on the predictors that are 

included in a statistical model. Direct effects measure the effect of a predictor after 

controlling for other predictors in the model (Shipley, 2002), so will change when different 

[collinear] predictors are included. Similarly, because indirect effects are the effects of a 

predictor that are mediated by other predictors, direct effects will also estimate total 

effects if all mediating predictors are removed from the model. Because of this, it is 

possible to use multiple regression to measure the direct, indirect, and total effects in a 

system by running a series of models that include different combinations of predictor and 

response variables (Grace, 2008; Shipley, 2009). However, without knowledge of the 

causal basis of collinearity among predictors it is not possible to know when collinear 

predictors should be excluded to allow measurement of total effects and when they 

should be included to statistically control for confounding among variables (Zuur et al., 

2007). In contrast, path analysis provides a means to both examine the causal basis of 

collinearity and to estimate direct, indirect, and total effects within a single model. 
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Effects of collinearity on the variance of estimates 

Although we found that path analysis gave unbiased estimates of the effects of our 

landscape metrics, and that multiple regression gave unbiased estimates of direct effects, 

the variance of these estimates increased with increasing collinearity. In other words, 

while models may have correctly estimated parameters when estimates were averaged 

over our 100 datasets, their ability to accurately estimate parameters within a given 

dataset decreased as collinearity among metrics increased. Simulations have been used to 

demonstrate this point previously (Freckleton, 2002). Because of this, we suggest that 

researchers should think carefully before following Smith et al.'s (2009) suggestion that 

predictors should not be removed from models simply because they are collinear. This 

was suggested based on the finding that the omission of influential collinear predictors 

resulted in biased effect estimates. However, our results suggest that the decrease in bias 

gained from the inclusion of multiple collinear predictors comes at the expense of an 

increase in the variance of estimated coefficients. This increase in variance decreases 

statistical power (Zuur et al., 2010), which may cause real problems for landscape‐scale 

studies in which it is not logistically feasible to obtain large sample sizes. Moreover, this 

increase in variance could conceivably give misleading results. For example, in a model 

containing two influential but strongly collinear predictors as well as a third influential but 

less collinear predictor, inflated standard errors around the first two predictors will 

decrease the statistical significance of their effects relative to the third predictor. We 

suggest that researchers should be cautious about interpreting effect estimates or 

statistical significance from models containing multiple collinear predictors, keeping in 
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mind that the precision and statistical significance of estimates would change if some of 

these predictors were removed from the model.  

 

Implications for landscape ecology 

Our study reinforces the suggestion of Didham et al. (2012) that landscape metrics have 

the potential to influence ecological response variables both directly and indirectly. We 

believe that understanding the differences between direct, indirect, and total (direct + 

indirect) effects is likely to be important for understanding the pathways through which 

land use change alters ecological systems (Didham et al., 2012), as well as for selecting 

statistical methods that can provide unbiased answers to particular research questions. 

 

Researchers should be aware that multiple regression quantifies the direct, but not the 

indirect, effects of collinear landscape predictors. This will be sufficient for predicting the 

impacts of land use change in those scenarios in which indirect effects will be avoided. For 

example, metrics of habitat amount and habitat configuration may be collinear because 

changes in amount have historically driven changes in configuration, resulting in indirect 

effects on the response variable (Didham et al., 2012). However, if future management 

can manipulate habitat amount independently of habitat configuration then the causal 

relationship between amount and configuration will be disrupted, and indirect effects will 

not occur. Moreover, the inability of multiple regression to measure indirect effects is 

moot when predictors are causally independent, because indirect effects will not occur. 

However, multiple regression will not accurately estimate the impacts of landscape 

metrics when collinearity among metrics signals indirect effects on the response variable, 
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and where the causal relationships which gave rise to these indirect effects are expected 

to continue in the land use change scenario under question. Consequently, we suggest 

that researchers should avoid using multiple regression to estimate the effects of collinear 

landscape metrics unless they know that these metrics are causally independent, or they 

are exclusively interested in direct effects. 

 

In contrast to multiple regression, path analysis provides a means to examine the causal 

basis of collinearity, allows explicit modelling of any indirect effects that are implied by 

causal relationships among predictors, and gives unbiased estimates of the direct, 

indirect, and total effects of collinear predictors provided that these relationships are 

correctly specified. Path modelling also encourages researchers to consider the different 

mechanistic pathways through which predictors may affect the response variable. In this 

study, these pathways linked landscape‐level metrics of habitat amount and 

fragmentation, but path analysis is also likely to be useful for multi‐level analyses which 

examine the mechanistic pathways linking landscape‐ and patch‐level processes (Didham 

et al., 2012; Le Tortorec et al., 2013), particularly with recent methodological 

developments which have allowed path models to incorporate nested survey designs 

(Shipley, 2009). In many situations path analysis will be a more useful tool than multiple 

regression for advancing our understanding of the relative impacts of habitat loss versus 

habitat fragmentation on ecological systems. 
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Supplementary material: deriving equations used to simulate datasets 

We wanted to test the efficacy of multiple regression and path analysis using datasets that 

were as similar as possible to those of Smith et al. (2009). This meant that our landscape 

metrics should have: (1) the same correlation with the other metrics as was measured by 

Smith et al. (2009); (2) linear relationships; (3) mean values of zero and variances of one 

(Smith et al. standardised their landscape metrics prior to simulating their response 

variable); (4) a direct effect on the response variable (i.e. simulation coefficient) that was 

equivalent to a direct effect of 2.0, but which produced a 'standardised' response variable 

(i.e. with a mean of zero and a variance of one; see below for the rationale for simulating 

a standardised response variable); and (5) together should explain ~50% of the variance in 

this response variable. At the same time, collinearity among our landscape metrics should 

have the same causal basis as shown in Figure 2. Here we describe how we derived the 

equations used to simulate datasets that met these conditions. 

 

Simulating landscape metrics 

We generated our landscape metrics with the following equations: 

Amount = N(0,1) 

MPS = 0.76*Amount + ε 

Edge = 0.90*Amount + ε 

Hetero = 0.57*Amount + ε 

where the notation N(0,1) refers to variables whose values were drawn from a normal 

distribution with a mean of zero and variance of one, and ε refers to error terms that were 

normally distributed with a mean of zero and a variance that was selected to give the 
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modelled variable a variance of ~1. To determine the value of the variance of each error 

term necessary to give its corresponding modelled variable a variance of ~1, we re‐

simulated the modelled variable 100,000 times under a range of error variances, then 

used linear regression to fit the variance of the modelled variable as a function of the 

error variance. This produced a regression equation which we could use to calculate the 

error variance required to give a variance of 1.0 for the modelled variable. Coefficients for 

each equation were equal to the correlations between Amount and the particular metric 

being simulated, as given by Smith et al. (2009). 

 

Simulating a response variable as a function of landscape metrics  

Following the methods of Smith et al. (2009), we used our landscape metrics to generate a 

response variable using the following equation: 

Response = 2.0*Amount + 2.0*MPS ‐ 2.0*Edge + 2.0*Hetero + ε; 

where ε was an error term that was normally distributed with a mean of zero and a 

variance that was selected so that the predictor variables explained ~50% of the variance 

in the response variable. As above, the value of this error term was selected by using 

linear regression to model the variance in the response variable explained by the 

predictors as a function of the error variance. We chose this 50% value to match that used 

by Smith et al. (2009).  

 

Simulating a standardised version of the response variable 

The coefficients of 2.0 used in our simulations gave rise to a response variable which was 

not standardised. This was not an issue in Smith et al.’s study, which only examined the 
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ability of multiple regression to estimate direct effects. However, we also needed to 

calculate the strength of indirect effects, and this required that all variables were 

measured on the same scale (Grace, 2006). As a result, we needed to rescale the 

coefficients and error terms used to generate our response variable so that they would 

produce a response variable that had a mean of zero and a variance of one. To do this, we 

standardised the response variable from our simulated datasets, then used multiple 

regression to model this standardised version of the response variable as a function of our 

four landscape metrics. The partial regression slopes from this model gave us the values of 

the coefficients in our simulation equation that would correspond to the standardised 

version of the response variable. We then used the method described above to calculate 

the error term necessary to keep the variance of the response variable at ~1. This resulted 

in the following equation, which we used to simulate a standardised response variable 

from our datasets of landscape metrics: 

Response = 0.40*Amount + 0.40*MPS ‐ 0.40*Edge + 0.40*Hetero + ε 
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Appendix 1.2: Efficacy of chew-track-card indices of rat and possum abundance 

across widely varying pest densities 

 

Jay Ruffell, John Innes, and Raphael K. Didham* 

 

Abstract 

Chew‐track‐cards (CTCs) are potentially a cost‐effective way to estimate the relative 

abundance of invasive rats and possums in New Zealand, but previous research suggested 

that their high sensitivity may limit use to low density populations. Using a short two‐night 

deployment period, we compared CTC indices of rat and possum abundance with a 

footprint tracking rate (RTR) index of rat abundance and a wax tag bite rate (WTI) index of 

possum abundance in 11 forest remnants which varied widely in rat and possum 

abundance (RTR and WTI of 0‐100% over two nights). The CTC indices were strongly 

correlated with WTI and RTR and were no more sensitive than these measures, and they 

showed little indication of saturation at high pest abundances. We found no evidence that 

rat interference altered possum bite rates, as had been observed for longer deployment 

periods. CTCs, deployed for two nights, are a promising tool for use over a wide range of 

pest abundances. Further research is required to examine whether rat interference is ever 

sufficiently high to obscure possum sign, and to confirm that the index can reflect 

meaningful variation in population density. 

 

Introduction 
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Predation and competition from invasive rats (Rattus rattus, R. norvegicus, R. exulans) and 

possums (Trichosurus vulpecula) threaten many of New Zealand's native species (Craig et 

al. 2000; Innes et al. 2010a). The abundance of possums and rats is now routinely 

monitored as part of ecosystem health assessments (e.g. Craig Bishop, Auckland Council, 

pers. comm; Elaine Wright, Department of Conservation, pers. comm.), for prioritisation 

of pest control operations (Sweetapple & Nugent 2011), and to understand the impacts of 

pest mammals on native species (e.g. Innes et al. 1999; Sweetapple et al. 2002; Boulton et 

al. 2008). Because the absolute abundance of small mammal populations is extremely 

difficult to measure cost‐effectively (Blackwell et al. 2002), this monitoring typically relies 

on estimating relative abundance using several indices: rat relative abundance using the 

proportion of tracking tunnels that contain rat footprints (rat tracking rate or 'RTR'), and 

possum relative abundance using the proportion of wax blocks that contain possum bite 

marks (wax tag index or 'WTI') or the proportion of leg‐hold traps that catch possums 

(residual trap catch index or 'RTCI'). Nationally standardised protocols have been 

developed for calculating these indices (NPCA 2010, 2011; Gillies & Williams 2013). 

 

Chew‐track‐cards (CTCs) were recently developed as an alternative tool for monitoring the 

distribution and relative abundance of small mammal populations in New Zealand 

(Sweetapple & Nugent 2011). Because CTCs are inexpensive, lightweight, compact, and 

able to monitor multiple species simultaneously, the CTC index of relative abundance (i.e. 

the proportion of CTCs bitten by a given species) is a time‐ and cost‐effective alternative 

to existing indices (Sweetapple & Nugent 2011). CTCs are now commercially available (e.g. 

Connovation Ltd’s ‘Chew Card’), and they are increasingly being used to index rat and 
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possum abundance in New Zealand (Sweetapple & Nugent 2011; Craig Bishop, Auckland 

Council, pers. comm). 

 

Sweetapple and Nugent (2011) deployed CTCs at pest controlled sites with low density rat 

and possum populations, and showed that under these circumstances the CTC index of rat 

and possum abundance often correlated well with other indices (a WTI index, RTCI index, 

and faecal pellet count index for possums, and an RTR index for rats). Explanatory power 

(R2 value) for these correlations was typically within 60‐80%. However, because of the 

high sensitivity of CTCs, Sweetapple and Nugent (2011) predicted that the CTC index may 

saturate, preventing differences in abundance from being discriminated at higher 

population densities. Sweetapple and Nugent (2011) deployed CTCs for a relatively long 

period (typically a week or more), and they suggested shorter deployment may avoid 

saturation at sites with higher pest abundance. These authors also found that rat 

interference on CTCs affected the probability that the bites of other species would be 

detected, and cautioned that the CTC index of possum abundance may be unreliable at 

sites with high rat abundance. 

 

To examine the utility of CTCs for indexing rat and possum abundance beyond low‐density 

pest‐controlled populations, we deployed CTCs for two nights at sites covering a wide 

range of rat and possum relative abundances. We calculated the rat and possum CTC 

index for each of our sites, as well as an RTR index of rat abundance and a WTI index of 

possum abundance. Our aims were to determine, for our two night deployment period, 

(1) how well the CTC index correlated with these other indices of rat and possum 
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abundance, (2) the sensitivity of the CTC index compared with these other indices, in 

particular whether the CTC index became 'saturated' and uninformative beyond certain 

levels of rat and possum abundance, and (3) whether rat interference on CTCs affected 

the possum CTC index. 

 

Methods 

Rat and possum monitoring 

We estimated rat and possum relative abundance in 11 native forest remnants (hereafter 

‘sites’) across the Northland, Auckland, and Waikato regions of New Zealand. We selected 

sites that maximised variation in rat and possum densities, which we achieved by selecting 

sites that varied between no control and intensive ongoing control of rats and possums 

(Table 1). Livestock exclusion fences were in place at all forest remnants. 
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Table 1. Characteristics of forest remnants sampled in this study. Sites are ordered by 

increasing intensity of pest control. 

Site Location Area 

(ha)* 

Forest type Distance of 

transect(s) from 

forest edge 

Pest control 

Puoto 1 Kaipara 

(Northland) 

1.7 Podocarp‐

broadleaf 

10m None 

Puoto 2 Kaipara 

(Northland) 

5.2 Kahikatea 50m
+
 None 

Flexman 

Scenic 

Reserve 

Rodney 

(Auckland) 

2.6 Podocarp‐

broadleaf 

10m, 50m None 

Whitikahu  Taupiri 

(Waikato) 

1.5 Kahikatea 10m None 

Coulthards 

Scenic 

Reserve 

Franklin 

(Auckland) 

11.9 Podocarp‐

broadleaf 

10m, 50m None since at least 2007 

Paerata 

Scenic 

Reserve 

Franklin 

(Auckland) 

2.0 Podocarp‐

broadleaf 

10m None since at least 2007 

Simpkin Rd  Kaipara 

(Northland) 

10.4 Podocarp‐

broadleaf 

10m Occasional possum 

control 

SH2 Hauraki 

(Waikato) 

1.4 Tawa‐

broadleaf 

10m Occasional possum 

control  

Orchard Rd Hauraki 

(Waikato) 

0.9 Kahikatea 10m Occasional possum 

control 

Bald Hill Franklin 

(Auckland) 

1.6 Podocarp‐

broadleaf 

10m, 50m Rat and possum bait 

stations, ~1 per ha, 

replenished quarterly 

Ark in the 

Park 

Waitakere  

(Auckland) 

13,207 Podocarp‐

broadleaf 

10m, 50m, 

200m 

Intensive ongoing 

control of rats, possums, 

and mustelids 

*Measured from the New Zealand Land Cover Database 2 using ArcMap 10.0 

+
 No 10m transect at this site because of unsuitable habitat (wetland)  
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Within each site we established 100 m long transects, set parallel to the forest edge. Each 

site contained one transect 10 m in from the forest edge (with the exception of a single 

site which was wetland at 10 m from the forest edge), and where sites were large enough 

we placed additional transects at 50 m (five sites) and 200 m (one site) from the forest 

edge, giving a total of 16 transects (Table 1). Transects were laid out in this way because 

the study formed part of a wider investigation into the influence of edge effects on pest 

mammal distributions in forest remnants. 

 

Each transect contained six monitoring stations, spaced 20 m apart. At each station we 

deployed one footprint tracking tunnel (‘Black Trakka', Gotcha Traps, Auckland, New 

Zealand), one wax tag (‘Possum Detecta’, Connovation Ltd, Auckland, New Zealand), and 

one CTC (‘Chew Card’, Connovation Ltd), approximately 3 m apart. Tracking tunnels were 

baited with peanut butter (Gillies & Williams 2013), wax tags were nailed to trees c. 30 cm 

off the ground with a 5:1 flour: icing sugar ‘blaze’ (i.e. a trail of flour‐icing sugar mix 

leading from the ground to the wax tag; NPCA 2010), and CTCs were nailed to trees c. 20 

cm off the ground and baited with Connovation’s ‘FeraFeed 213 paste’ (a mix of peanut 

butter, icing sugar, and lucerne). In total, the study involved 96 monitoring stations (16 

transects containing six stations each). Monitoring devices were left in place for two 

consecutive rain‐free nights between May and June 2012. 

 

This spacing, number, and deployment period of devices deviated from the nationally 

standardised protocols for calculating WTI and RTR. These protocols call for a 10 m 
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spacing of wax tags over three or seven nights and a 50 m spacing of tracking tunnels over 

one night, respectively, with tens of devices deployed along multiple transects (NPCA 

2010; Gillies & Williams 2013). Our deviations from the standardised protocols were 

necessitated by logistical constraints. First, these protocols require relatively large areas of 

forest in order to fit the required number and spacing of devices (Innes et al. 2010b), 

whereas many of our sites were small forest remnants (Table 1). Inclusion of these small 

remnants was necessary because larger sites with no recent history of pest control were 

extremely rare in our study region. A 20 m spacing of monitoring stations allowed us to fit 

enough devices into our small forest remnants to calculate each index with reasonable 

resolution. An alternative protocol has been developed for deploying tracking tunnels in 

relatively small forest remnants, whereby tunnels are placed on a 50 m grid (Innes et al. 

2010b) rather than along a transect (Gillies & Williams 2013). However, this protocol 

would also have resulted in an insufficient number of monitoring stations at our smallest 

sites. Secondly, because our aim was to compare the sensitivity of CTCs to the other 

devices, we deployed all devices for the same length of time (Sweetapple & Nugent 2011). 

This period was determined by our hypothesised optimal CTC deployment period of two‐

nights. 

 

We examined CTCs for the presence of rat or possum bite marks, wax tags for the 

presence of possum bite marks, and tracking tunnels for the presence of rat footprints. 

We pooled transects within sites, which was necessary for the statistical approach we 

took (see below), then calculated our rat CTC index, possum CTC index, and WTI for each 
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site as the proportion of devices bitten, and our RTR index as the proportion of tunnels 

tracked. 

 

Statistical analyses 

We analysed relationships between CTC index and our WTI and RTR indices with simple 

linear regression. We logit‐transformed RTR and WTI to ensure they had a linear 

relationship with their respective CTC index, and then modelled RTR as a function of rat 

CTC index and WTI as a function of possum CTC index. We chose this transformation 

because it is generally the most appropriate for modelling proportional data (Warton & 

Hui 2011), and because it produced models which met the assumptions of linear 

regression as judged by plots of model residuals. Although RTR and WTI were also 

proportional data, we did not transform these indices because linear regression does not 

require normally distributed predictor variables. We used the R2 value produced (i.e. 

proportion of variance in WTI or RTR explained by CTC index) to examine how well the rat 

CTC index could predict RTR, and how well the possum CTC index could predict WTI. We 

had initially attempted to model relationships among indices using mixed‐effects models 

with site as a random factor (avoiding the need to pool data) and generalised linear 

models (avoiding the need to transform data prior to analysis), but we were unable to 

produce models which met the assumptions of these approaches despite attempting a 

comprehensive range of fitting procedures. 

 

To compare the sensitivity of the CTC indices with RTR and WTI, we visually inspected 

scatterplots of rat CTC index versus RTR, and possum CTC index versus WTI, to see 
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whether values for the CTC index tended to reach 100% (i.e. saturate) before RTR or WTI. 

We also used paired Wilcoxon signed‐rank tests to test if rat CTC index or possum CTC 

index was on average higher or lower than RTR or WTI from the same site. We used paired 

Wilcoxon tests rather than paired t‐tests because we could not meet the latter's 

assumption of normally distributed differences among pairs of observations, even after 

trying a range of data transformations. 

 

We examined whether rats affected the efficacy of the possum CTC index in our study by 

regressing the residuals of our possum CTC model against the rat CTC index. This tested 

whether discrepancies between values of WTI predicted by the possum CTC index and 

values of WTI observed in the data could be explained by rates of rat interference on 

CTCs. All analyses were carried out in R v2.15.1 (R Core Team 2012). 

 

Results 

As expected based on their degree of mammalian pest control (Table 1), there was wide 

variation in rat and possum relative abundance across sites, ranging between 0% and 

100% for both RTR and WTI (Figure 1a,b). Our regression models suggested that CTC 

indices were strongly correlated with RTR and WTI. For rats, the CTC index explained a 

high proportion of variance in RTR, and this relationship was highly significant (R2=0.70, 

p=0.001; Figure 1a). For possums the relationship was even stronger, with the CTC index 

explaining 94 % of the variance in WTI (R2=0.94, p<0.0001; Figure 1b). 

 



182 
 

Figure 1. Relationships between chew

indices based on established tools. A:

indices of rat abundance. B: relationship between CTC and wax tag bite rate (WTI) indices of 

possum abundance. R2 and p‐values were calculated using linear regression of logit

RTR and WTI on CTC index. The solid and dashed 

and 95% confidence bands, respectively, from the regression models. The grey lines depict a 

hypothetical 1:1 relationship between indices, and indicate whether observed values for the CTC 

index are more sensitive (below the line) or less sensitive (above the line) than RTR or WTI.

 

 

We tested whether the strong correlation between possum CTC and WTI may have partly 

been due to four sites with 'double zeros' (where possum abundance was so low that no 

wax tags or CTCs were bitten) or 'double ones' (where possum abundance was so high 

that all wax tags and CTCs were bitten). This produced a perfect correlation among these 

sites, even though interference rates of the two devices may not have correlated closely 

with one another at intermediate relative abundances. However, the CTC index still had a 

Relationships between chew‐track‐card (CTC) indices of rat and possum abundance and 

A: relationship between CTC and tracking tunnel rate (RTR) 

relationship between CTC and wax tag bite rate (WTI) indices of 

values were calculated using linear regression of logit‐

RTR and WTI on CTC index. The solid and dashed black lines show back‐transformed fitted values 

and 95% confidence bands, respectively, from the regression models. The grey lines depict a 

hypothetical 1:1 relationship between indices, and indicate whether observed values for the CTC 

tive (below the line) or less sensitive (above the line) than RTR or WTI.

We tested whether the strong correlation between possum CTC and WTI may have partly 

been due to four sites with 'double zeros' (where possum abundance was so low that no 

r CTCs were bitten) or 'double ones' (where possum abundance was so high 

that all wax tags and CTCs were bitten). This produced a perfect correlation among these 

sites, even though interference rates of the two devices may not have correlated closely 

one another at intermediate relative abundances. However, the CTC index still had a 

 

card (CTC) indices of rat and possum abundance and 

ng tunnel rate (RTR) 

relationship between CTC and wax tag bite rate (WTI) indices of 

‐transformed 

transformed fitted values 

and 95% confidence bands, respectively, from the regression models. The grey lines depict a 

hypothetical 1:1 relationship between indices, and indicate whether observed values for the CTC 

tive (below the line) or less sensitive (above the line) than RTR or WTI. 

We tested whether the strong correlation between possum CTC and WTI may have partly 

been due to four sites with 'double zeros' (where possum abundance was so low that no 

r CTCs were bitten) or 'double ones' (where possum abundance was so high 

that all wax tags and CTCs were bitten). This produced a perfect correlation among these 

sites, even though interference rates of the two devices may not have correlated closely 

one another at intermediate relative abundances. However, the CTC index still had a 
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high ability to predict WTI when these four sites were removed and the analysis was rerun 

(R2=0.78, p=0.008). 'Double zeros' and 'double ones' did not occur for the rat data. 

 

For rats, CTCs were generally less sensitive than tracking tunnels for indexing relative 

abundance, with the rat CTC index averaging 58±14 SE percent of RTR. This difference in 

sensitivity was apparent on a scatterplot of rat CTC index versus RTR, with the majority of 

points falling above the 1:1 line (Figure 1a), and was statistically significant (paired 

Wilcoxon signed‐rank test, Z=2.23, p=0.02, df=11). For possums, CTCs were of similar 

sensitivity to wax tags, with the possum CTC index averaging 93±4 SE percent of WTI. This 

difference was not statistically significant (Z= 1.73, p=0.25, df=11). The possum CTC index 

reached 100% (i.e. saturated) at one site, and the rat CTC index nearly saturated (>80%) at 

two sites. However, there was no evidence that the CTC index saturated before WTI or 

RTR; in fact, inspection of scatterplots suggested that RTR and WTI may have been more 

prone to saturate than their corresponding CTC index (Figure 1a,b). 

 

There was no evidence of a correlation between rat CTC index and the residuals of our 

regression model for WTI against possum CTC index (R2=0.01, p=0.75; Figure 2), 

suggesting that rat interference on CTCs did not affect the ability of the possum CTC index 

to predict WTI under the range of rat interference rates we observed. 
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Figure 2. Discrepancies in the relationship between a chew

abundance and a wax tag bite rate index of possum abundance (WTI) as a function of rat 

interference rates on CTCs. The possum CTC index was initially mo

linear regression, and the figure plots the residuals of this model against rat interference rates on 

CTCs. The hypothesis that rat interference depresses the possum CTC index relative to WTI implies 

that high values of the rat CTC index should be associated with large negative residuals. R

values were calculated by linear regression of the residuals on rat CTC index. The solid and dashed 

black lines show fitted values and 95% confidence bands from this model, respec
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require tools that can cost‐effectively and reliably index the abundance of rats and 

possums. Sweetapple and Nugent 

existing tools, but questioned CTC reliability beyond sites with low

because (1) their high sensitivity may predispose the CTC index to saturation, and (2) high 
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e rat CTC index should be associated with large negative residuals. R
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effectively and reliably index the abundance of rats and 

possums. Sweetapple and Nugent (2011) found that CTCs were more cost‐effective than 
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because (1) their high sensitivity may predispose the CTC index to saturation, and (2) high 
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effective than 
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rates of rat interference may affect the possum CTC index. Our results suggest that these 

issues can be avoided by shortening the deployment period of CTCs to two nights. We 

found that CTCs, deployed for two nights across sites with widely varying pest relative 

abundances (as measured by CTC indices, RTR and WTI), produced index values that did 

not saturate for rats and did not saturate for possums except at a single site. The CTC 

index was no more sensitive than indices based on tracking tunnels or wax tags, and CTC 

values correlated strongly with these RTR and WTI indices. We also found no evidence 

that rat interference affected the possum CTC index’s ability to predict WTI. Overall, our 

data suggest that a two‐night deployment period provides an appropriate balance 

between detection and saturation probabilities across a wide range of pest relative 

abundances. 

 

While we found that our CTC indices were strongly correlated with indices based on 

tracking tunnels and wax tags, we caution that these results provide only suggestive 

evidence that CTC indices can reflect meaningful variation in the underlying quantities of 

interest (such as absolute density or predation risk). First, the CTC, WTI, and RTR indices 

are all relative indices, and there are well‐recognised biases with extrapolating this type of 

index to absolute density. For example, interference rates can vary independently of 

density as a result of activity rates of the target species, interference by individuals across 

multiple devices, food availability, and behavioural suppression by predators and 

competitors (Sarrazin & Bider 1973; King & Edgar 1977; Quy et al. 1993; Brown et al. 1996; 

Blackwell et al. 2002; Whyte 2013). Second, for logistical reasons, we deployed wax tags 

and tracking tunnels using methods that deviated from nationally standardised protocols 
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(NPCA 2010; Gillies & Williams 2013). While the standardised versions of WTI and RTR 

have been shown to reflect meaningful variation in pest abundance or impacts (e.g. Innes 

et al. 1999; Armstrong et al. 2006), our versions of these indices have not. Given the 

strong correlations we observed between our WTI and RTR indices and the CTC indices, it 

seems likely that the CTC indices would also correlate with the standardised versions of 

WTI and RTR. However, this assumption remains untested. Third, as in previous studies of 

the relationships between relative abundance indices (Brown et al. 1996; Blackwell et al. 

2002; Sweetapple & Nugent 2011), the correlations we observed may have been 

artificially increased by the fact that CTCs, wax tags, and tracking tunnels were placed in 

close proximity to one another at each monitoring station. This approach allows device 

sensitivity to be compared while controlling for within‐patch variation in pest density or 

activity rates, but bait consumption at one device might nevertheless increase searching 

intensity or decrease neophobia around the other devices. Fourth, we did not record any 

rat or possum interference at three of our 11 sites, suggesting that CTC indices based on a 

two night deployment, while providing a good balance between detection and saturation 

probabilities when monitoring rat and possum abundance across sites with widely varying 

pest densities, may be relatively insensitive when monitoring exclusively occurs within 

low‐density pest controlled populations. In these cases, the longer deployment periods 

used by Sweetapple & Nugent (2011) may be more appropriate. 

 

The fitted values from our statistical models suggested a sigmoidal relationship between 

RTR and rat CTC index, and between WTI and possum CTC index. However, we logit‐

transformed our CTC indices prior to statistical modelling to linearise their relationships 
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with RTR and WTI, and this forced their back‐transformed relationships with RTR and WTI 

to be sigmoidal. The logit is generally the best transformation for proportional data 

(Warton & Hui 2011), and appeared to be appropriate in our case, producing valid models 

(based on inspection of model residuals) and fitted values that represented the 

relationships between RTR, WTI, and the CTC indices relatively well. Nonetheless, we had 

no theoretical reason for believing there would be sigmoidal relationships among indices, 

and statistical models based on a larger number of data points may have indicated that 

these relationships were somewhat different. Thus, although our models showed that 

there were strong positive relationships between RTR and rat CTC index, and between 

WTI and possum CTC index, we stress that the specific shape of these relationships 

remains uncertain. 

 

Although we found no evidence that rat interference on CTCs affected the efficacy of the 

possum CTC index, our rat CTC index did not exceed 80% across the sites sampled. This 

may have limited our ability to detect an effect of rat interference, which might only occur 

at higher rat activity rates. These moderate interference rates were potentially the result 

of the short deployment period of CTCs, rather than an intrinsically low abundance of rats 

at our sites, because (1) we sampled sites that had no recent history of rat control, and (2) 

many of these had high rat abundance as measured by our RTR index (≥50% at six sites, 

reaching 100% at one site). Nevertheless, at some point rat interference must reduce the 

ability of CTCs to index possum abundance. Whereas possum bites create dents in CTCs 

but do not remove any material, rats physically remove sections of CTCs, removing bait, 

reducing the size of the detection surface, and potentially removing pre‐existing possum 
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bites at high rat‐bite intensities. A key question that remains is how frequently (if ever) rat 

interference on CTCs deployed for two nights reaches high enough levels to significantly 

affect the possum CTC index. 

 

In conclusion, we find that CTCs are a promising tool for the cost‐effective indexing of rat 

and possum abundances over widely varying pest densities. Our results suggest that 

perceived problems with CTC sensitivity beyond low density populations may be avoided 

by calculating CTC indices based on a two night deployment period, rather than the 

deployments of one week or more that have been used previously for monitoring 

(Sweetapple & Nugent 2011). However, further research to examine whether rat 

interference ever reaches sufficiently high levels to significantly affect the possum CTC 

index, and a calibration study comparing CTC index values to known pest abundance, 

would be useful before considering the two‐night CTC index a robust alternative to 

existing indices. 
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Appendix 2: Chapter 2 supporting information 

 

Appendix 2.1: Re-examining the effects of native forest cover and pine plantation cover 

on species richness while accounting for pest control intensity 

 

Introduction 

In our main analysis we identified a number of variables that native forest cover and pine 

plantation cover were potentially confounded with, and we included these variables in our 

statistical model to control for their effects. However, one potentially confounding 

variable which we did not include was the intensity of mammalian pest control. Pest 

control operations are carried out by a wide range of agencies and community groups in 

New Zealand, and the details of many of these operations have not been formally 

recorded. Quantifying the intensity of pest control in any one grid square is therefore a 

difficult task, and doing so for the c. 1100 grid squares used in our main analysis was 

beyond the scope of our study. However, we were able to use a map of pest control 

operations developed for the Auckland region of northern New Zealand (Chapter 4) to 

quantify the intensity of pest control for 24 of our grid squares. In this appendix, we use 

this information to examine whether controlling for pest control intensity might alter our 

conclusions about the relationship between species richness, native forest cover, and pine 

plantation cover. 

 

Quantifying pest control intensity per grid square 
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In Chapter 4, we used discussions with personnel from all organisations involved in large 

scale pest control in the Auckland region (the Department of Conservation, TBfree New 

Zealand, Royal Forest and Bird Protection Society, regional and local councils, and local 

community groups) to map all major pest control operations in the region. The operations 

fell into five broad categories (reproduced from Chapter 4): 

1. Eradication ('E'), i.e. islands or areas enclosed by predator‐proof fences where all 

rats, possums, mustelids, and cats had been eradicated; 

2. high‐intensity rat and possum control ('HRP'), which was defined as ongoing 

control of rats and possums at a level which was at least as intensive as that done 

in the Department of Conservation's 'mainland island' programme (Saunders & 

Norton, 2001). Pest control operations were classified as 'high‐intensity' if all of the 

following conditions were met: (a) poison bait stations, targeting rats and 

possums, were placed at an average density of >1 per 1.5 ha; (b) bait stations were 

active at least over spring and summer; and (c) bait was replaced at least every 12 

weeks during this active period. These high‐intensity operations typically also 

undertook intensive mustelid control; 

3. low‐intensity rat and possum control ('LRP'), where control was targeted at both 

rats and possums, but not at a 'mainland island' level of intensity; 

4. periodic possum control ('PP'), where target areas were periodically controlled for 

possums, with a return time of 1‐7 years. Other pest species were not actively 

targeted, although there may have been by‐kill, especially of ship rats; and 

5. no pest control ('NC'). 
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To quantify the intensity of pest control in each grid square, we assigned each of the 

above pest control categories an 'intensity score', then calculated a combined intensity 

score for the grid square as a whole using an area‐weighted average. We used two 

approaches to assign intensity scores to each category. First, we used a 'pest index' 

approach, where we assigned scores based on measured differences in rat and possum 

abundance indices among categories. In Chapter 4, we indexed rat and possum 

abundance throughout the Auckland region, and found no significant differences in index 

values between NC, PP, and LRP sites for either rats or possums, but found that HRP sites 

showed a 90% reduction in possum abundance and a 99% reduction in rat abundance 

relative to NC sites. Based on these results, we assigned intensity scores of 0.0, 0.0, 0.0, 

0.95, and 1.0 for NC, PP, LRP, HRP, and E categories, respectively. Second, we used a 'best 

guess' approach, where we assigned intensity scores based on our own preconceptions of 

the relative ability of the different pest control categories to protect native bird 

populations. Under this approach, we assigned scores of 0.0, 0.25, 0.50, 0.75, and 1.0 for 

NC, PP, LRP, HRP, and E categories, respectively. We supplemented our empirical 'pest 

index' approach with this a priori 'best guess' approach because snapshot surveys of pest 

abundance may not necessarily reflect the ability of particular pest control regimes to 

protect native species (Chapter 4).  

 

For each of these sets of scores, we calculated pest control intensity per grid square as: 
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where Hi is the area of native forest in the grid square under pest control category i; wi is 

the intensity score of pest control category i; and T is the total amount of native forest in 

the grid square. Under this approach pest control intensity per grid square scales between 

0 and 1, where an intensity of 0 represents grid squares where no forest is pest controlled 

and an intensity of 1 represents grid squares where all forest is under the 'eradication' 

control category.  

 

Statistical analyses 

We initially modelled pest control intensity as a function of native forest cover, pine 

plantation cover, and their interaction, to examine whether it was correlated with any of 

these terms and therefore had the potential to confound their relationships with species 

richness. We ran two models, one where pest control intensity was derived from our 'pest 

index' scores and one where pest control intensity was derived from our 'best guess' 

scores. We used simple linear regression for these models, since correlograms indicated 

that there was no spatial autocorrelation in the data.  

 

These linear regression models suggested that pest control intensity was positively 

correlated with native forest cover (p <0.02 for both models), but there was no evidence 

that it was correlated with either the main effect of pine (p >0.70 for both models) or the 

pine‐by‐native forest interaction (p >0.61 for both models). This indicates that the effects 

of pine plantations on species richness that we found in our main analysis were unlikely to 

be spurious as a result of the unmeasured influence of pest control intensity. However, 
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the relationship between native forest cover and species richness may have been weaker 

or absent in our main analysis if we had accounted for the confounding effects of pest 

control intensity. 

 

 To further examine whether the exclusion of pest control intensity from our main analysis 

was likely to have influenced our measured relationship between native forest cover and 

species richness, we re‐ran the spatial GLMM from our main analysis (i.e. modelling 

species richness as a function of native forest cover, pine plantation cover, and 

confounding variables) for our subset of grid squares under three different scenarios, 

where the model either (1) included a measure of pest control intensity based on 'best 

guess' intensity scores; (2) included a measure of pest control intensity based on 'pest 

index' intensity scores; or (3) did not include a measure of pest control intensity. The 

model did not control for latitude and elevation, because we believed that these variables 

they were unlikely to strongly influence bird diversity within the Auckland region (which 

has low variation in latitude and elevation compared with New Zealand as a whole), and 

because the number of variables we could include was limited by our small sample size (n 

= 24) (van Belle 2008). 

 

The results of these spatial GLMMs were similar to those from the main analysis. 

Importantly, the predicted relationship between native forest cover and species richness 

was robust to the inclusion of pest control intensity (Supplementary Figure 2.4). However, 

the effect of native forest cover was non‐significant in each of these models (0.23 < p < 

0.26 for all three scenarios). This is perhaps unsurprising given that models should 
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generally have at least ten observations per variable to have adequate statistical power 

(van Belle 2008), whereas we only had ~3. When we repeated these models with only 

native forest and our pest control metrics included (i.e. ~12 observations per variable) the 

effects of native forest cover became significant or marginally significant (p ≤ 0.05 for all 

three scenarios), although we caution that the native forest effect in these models may 

have been at least partly due to the omission of our other variables. 

 

Taken together, these results suggest that any relationships between species richness, 

pine plantation cover, and the pine‐by‐native forest interaction found in our main analysis 

are unlikely to be spurious as a result of the unmeasured effects of pest control intensity. 

Similarly, any relationship between species richness and native forest cover found in our 

main analysis is unlikely to result from the unmeasured effects of pest control intensity, 

although we caution that such a relationship may have been weaker if the effects of pest 

control intensity had been accounted for.  
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Chapter 2 supplementary tables and figures  

 

Supplementary Table 2.1. Native bird species recorded in our subset of grid squares from the 

OSNZ bird distribution atlas scheme, and whether we counted them as 'forest species' for our 

analysis. 

Common name Latin name 

  
Forest species  
Bellbird Anthornis melanura 
Brown creeper Mohoua novaeseelandiae 
Brown kiwi Apteryx australis & Apteryx mantelli 
Great spotted kiwi Apteryx haastii 
Grey warbler Gerygone igata 
Fantail Rhipidura fuliginosa 
Kaka Nestor meridionalis 
Kakariki, red‐fronted Cyanoramphus novaeseelandiae 
Kakariki, yellow‐fronted Cyanoramphus auriceps 
Kakariki spp. Cyanoramphus spp. 
Kea Nestor notabilis 
Kereru Hemiphaga novaeseelandiae 
Long‐tailed cuckoo Urodynamis taitensis 
Morepork Ninox novaeseelandiae 
New Zealand falcon Falco novaeseelandiae 
New Zealand robin Petroica longipes 
North Island kokako Callaeas cinereus 
Shining cuckoo Chrysococcyx lucidus 
Silvereye Zosterops lateralis 
Rifleman Acanthisitta chloris 
Tomtit Petroica macrocephala 
Tui Prosthemadera novaeseelandiae 
Whitehead  Mohoua albicilla 
Yellowhead Mohoua ochrocephala 
  
Non-forest species  
Australian coot Fulica atra 
Australasian bittern Botaurus poiciloptilus 
Australasian crested grebe Podiceps cristatus 
Australasian little grebe Tachybaptus novaehollandiae 
Australasian shoveler Anas rhyncotis 
Black swan Cygnus atratus 
 

(Table continued on following page) 
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Common name Latin name 

  
Blue duck Hymenolaimus malacorhynchos 
Brown teal Anas choritis 
Chestnut‐breasted shelduck Tadorna tadornoides 
Chestnut Teal Anas castanea 
Grey duck Anas superciliosa 
Grey teal Anas gracilis 
Fernbird Bowdleria punctata 
Marsh crake Porzana pusilla 
New Zealand dabchick Poliocephalus rufopectus 
New Zealand pipit Anthus novaeseelandiae 
New Zealand scaup Aythya novaeseelandiae 
Paradise shelduck Tadorna variegata 
Pukeko Porphyrio porphyrio melanotus 
Sacred kingfisher Todiramphus sanctus 
Spotless crake Porzana tabuensis 
Spur‐winged plover Vanellus miles 
Swamp harrier Circus approximans 
Weka Gallirallus australis 
Welcome swallow Hirundo neoxena 
White‐faced heron Egretta novaehollandiae 
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Supplementary Table 2.2. Levels of support for six candidate models used to determine the 

definition of 'native forest' in our study. Each model was a Poisson GLM which modelled the 

number of native forest birds in a grid square as a function of native forest cover, where native 

forest was defined as different combinations of the 'indigenous forest' (IF), 'broadleaved 

indigenous hardwoods' (BH), and 'manuka and or kanuka' (MK) categories of the LCDB2. ΔAIC 

gives a measure of change in the Akaike Information Criterion relative to the best model, while the 

Akaike weight wi gives the probability that model i is the most parsimonious in the set 

Model  ΔAIC wi 

   
~ IF + BH + MK 0.00 1.0 
~ IF + BH 21.06 0.0 
~ IF 41.75 0.0 
~ BH 199.34 0.0 
~ BH + MK 201.12 0.0 
~ MK 246.81 0.0 
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Supplementary Figure 2.1. Example of survey sheet used 

scheme. Reproduced with permission from Robertson 

 

 

. Example of survey sheet used in the OSNZ bird distribution atlas 

scheme. Reproduced with permission from Robertson et al. (2007). (Continued on next page

in the OSNZ bird distribution atlas 

on next page). 
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Supplementary Figure 2.1 continued. Example of survey sheet used in the OSNZ bird 

distribution atlas scheme. Reproduced with permission from Robertson et al. (2007). 
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Supplementary Figure 2.2. Predicted effects of native forest cover on the number of native forest 

bird species recorded in a grid square, under different levels of pine plantation cover in remaining 

'matrix' land. Predictions were derived from a model in which pine plantation was defined as the 

'Pine – open canopy', 'Pine – closed canopy', 'Afforestation', and 'Forest – harvested' categories of 

the New Zealand land cover database version 2. This contrasts with the model used in our main 

analysis, in which pine plantation was defined as the 'Pine – open canopy' and 'Pine – closed 

canopy' categories only. Pine cover was set at 0%, 5%, 25%, or 100% of all non‐forest ('matrix') 

land, representing the full range of values measured from the data. Predictions were made while 

holding all potential confounding variables constant at their mean levels. 

  



 

 

 

 

Supplementary Figure 

('Pine'), and seven variables they were potentially confounded with. A: box and whisker plots of 

A 
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Supplementary Figure 2.3. Relationships between native forest cover ('Nat'), pine plantation cover 

en variables they were potentially confounded with. A: box and whisker plots of 
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Relationships between native forest cover ('Nat'), pine plantation cover 

en variables they were potentially confounded with. A: box and whisker plots of 
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the distribution of native forest cover and pine plantation cover against the levels of two 

categorical variables: survey year and survey season. B: a correlation plot of the relationships 

between native forest cover, pine plantation cover, and five continuous variables: mean elevation 

('Elev'), latitude ('Lat'), landscape heterogeneity ('Hetero'), number of hours spent surveying in a 

grid square ('Hours'), number of habitat categories searched ('NumHabs'), and proportion of 

habitat categories searched that were types of native forest ('PropHabs'). The panels show 

scatterplots below the diagonal, histograms on the diagonal, and Pearson correlation coefficients 

above the diagonal. Native forest cover, pine plantation cover, and survey hours were log‐

transformed, and mean elevation was square root‐transformed. 

  



 

 

Supplementary Figure 

forest bird species recor

intensity of mammalian pest control was also quantified. The three lines show predicted effects 

under different methods of controlling for pest control intensity per grid square: including

control metric in the model based on 'best guess' intensity scores; including a pest control metric 

in the model based on 'pest index' intensity scores; or not controlling for pest control intensity. 

See Appendix 2.1 for a description of intensity 

potential confounding variables constant at their mean levels.
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Supplementary Figure 2.4. The predicted effects of native forest cover on the number of native 

forest bird species recorded in a subset of grid squares from the Auckland region, where the 

intensity of mammalian pest control was also quantified. The three lines show predicted effects 

under different methods of controlling for pest control intensity per grid square: including

control metric in the model based on 'best guess' intensity scores; including a pest control metric 

in the model based on 'pest index' intensity scores; or not controlling for pest control intensity. 

for a description of intensity scores. Predictions were made while holding other 

potential confounding variables constant at their mean levels. 

Appendix 2: Chapter 2 supporting information 

203 

 

The predicted effects of native forest cover on the number of native 

ded in a subset of grid squares from the Auckland region, where the 

intensity of mammalian pest control was also quantified. The three lines show predicted effects 

under different methods of controlling for pest control intensity per grid square: including a pest 

control metric in the model based on 'best guess' intensity scores; including a pest control metric 

in the model based on 'pest index' intensity scores; or not controlling for pest control intensity. 

scores. Predictions were made while holding other 
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Appendix 3.1: Reanalysis of our path model using all vegetation variables 

In our main path analysis, we included only two uncorrelated measures of vegetation 

structure: understorey density and presence of vines. This was because there may have 

been reciprocal effects among our other measures of vegetation structure, which cannot 

be handled by generalised multilevel confirmatory path analysis (Shipley, 2009).  

 

However, because these two vegetation variables reflected only part of the total variation 

in vegetation structure, any significant effects of vegetation structure on rat capture 

probability not captured by these two variables would appear in the path analysis as a 

'direct effect' of forest edges on rat capture probability. Our main path analysis did indeed 

suggest that there was a direct effect of forest edges on rat capture probability that did 

not operate through understorey density or presence of vines, and we were interested in 

whether this was due to additional variation in vegetation structure that was not captured 

by these two variables. To examine this, we reanalysed our path model including all six of 

our original vegetation variables after converting them to orthogonal axes of a Principal 

Components Analysis (PCA) ordination (hereafter 'components') which were uncorrelated 

and thus could not have strong reciprocal effects on one another.  

 

While PCA allowed us to include all measured variation in vegetation structure, we 

consider this approach inferior to the method used in our main analysis (i.e. removing 
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correlated vegetation variables prior to path analysis). This is because the inclusion of 

independence claims between components was likely to reduce the ability of the d‐sep 

test to reject unsuitable models. This test measures whether overall levels of correlation 

across all independence claims (i.e. pairs of variables which should be uncorrelated under 

statistical control if the path model is correct) can be explained by random variation. 

However, principal components are less correlated with each other than would be 

expected by chance, and this may have compensated for unacceptably high levels of 

correlation among other independence claims.  

 

In conducting this analysis, we recognise that standard PCA does not account for nested 

data structures. As a result, although a standard PCA on vegetation variables would create 

components that were uncorrelated across the dataset as a whole, it might still create 

components that were correlated within individual patches. To counter this problem, we 

used the ‘phyl.pca’ function in the R ‘phytools’ package (Revell, 2014) to conduct a 

hierarchically structured phylogenetic PCA. This function was developed as a means to 

analyse species traits while accounting for non‐independence among species due to 

shared ancestry (Revell, 2009), an analogous situation to non‐independence among 

observations due to nesting within patches. The ‘phyl.pca’ function required as input a 

phylogeny to specify how our observations were 'related' to each other. To create this, we 

specified that all observations from the same patch shared a common ancestor (i.e. 

shared a common forest patch; representing the patch‐level average for each variable), 

with all forest patches being descended from a single common ancestor (representing the 

population‐level average for each variable). All branch lengths were arbitrarily set at 1, but 
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results of the PCA were identical for other branch lengths as long as these were constant 

within each level. The hierarchically‐structured PCA produced components which 

captured the full range of variation in our measured vegetation variables and which were 

uncorrelated both across the dataset as a whole and within patches. We based our 

phylogenetic PCA on the correlation (c.f. covariance) matrix of vegetation variables since 

variables were measured on very different scales. We used an approach identical to that 

described in our main analysis to reduce the path model to a more parsimonious one, test 

the adequacy of model structure, and calculate path coefficients for the reduced model 

(see main text).  

 

Variable reduction in sub‐models allowed us to simplify our full model considerably, and 

this final model predictably had a high level of support (d‐sep test, 2 = 25.87, df = 32, p= 

0.769). However, the model was also well supported when the independence claims 

among principal components were omitted (2 = 21.94, df = 20, p = 0. 344). The final path 

model (Supplementary figure 3.1), based on all measured variability in vegetation 

structure, gave qualitatively identical results to our main analysis which used only 

understorey density and the presence of vines as measures of vegetation structure: (1) 

the model structure was well supported (noting that our ability to reject model structure 

was compromised by the inclusion of principal components); (2) this model suggested that 

major effects of distance from edge, livestock grazing, and their interaction on rat capture 

probability were mediated by changes in vegetation structure; and (3) there were no 

direct effects of livestock grazing, or a livestock grazing by distance from edge interaction, 

on rat capture probability. In particular, the inclusion of this additional measured variation 
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in vegetation structure weakened the estimated direct effect of distance from edge on rat 

capture probability. Compared with the path model in the main analysis, the estimated 

slope of the relationship decreased (from 0.11 to 0.08) and became non‐significant (p = 

0.13). Moreover, while the best‐fit model included this direct path, the fit of the model 

which excluded it was essentially equivalent (Δ AIC = 0.2). Together, these results suggest 

that the significant direct effect of forest edges on rat capture probability found in our 

main analysis may represent vegetation‐mediated effects of edges on rat capture 

probability which operate through aspects of vegetation structure not captured by 

understorey density or presence of vines. 
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Chapter 3 supplementary tables and figures 

 

Supplementary Table 3.1. Summary statistics for patch size and sampling effort (number of rat 

traps) per patch for grazed and ungrazed patches. 

Variable Grazed patches  Ungrazed patches  

 n* Min Mean Max  n* Min Mean Max  

           
Patch size (ha) 7 8.2 12.0 16.0  8 1.8 10.2 18.9  
Sampling effort 7 5 30.2 54  8 6 34.5 76  
           

*Includes two patches which contained both grazed and ungrazed sections  

 

Supplementary Table 3.2. Levels of support for candidate models used to test the effects of 

distance from forest edge, livestock grazing, and their interaction on rat capture probability. ΔAIC 

measures change in AIC relative to the best model, while the Akaike weight wi gives the probability 

that model i is the most parsimonious in the set. The table shows fixed terms only, but candidate 

models also included a patch‐level random intercept to model non‐independence of rat traps 

within the same forest patch. 

Model ΔAIC wi 

   
Distance + Grazing + Distance:Grazing 0.00 0. 38 
Distance 0.62 0. 28 
Distance + Grazing 0.64 0. 27 
Grazing 4.26 0.05 
1* 4.95 0.03 
  

*Null model containing intercept only  
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Supplementary Table 3.3. Parameter estimates and 95% confidence intervals (in parentheses) for 

effects of distance from edge, livestock grazing, and their interaction on rat capture probability. 

Multiple candidate models were supported by the data (ΔAIC<4; see Table S1), so parameter 

estimates and confidence intervals were averaged across these models to account for uncertainty 

in model structure. Parameter estimates are given on the scale of the logit link used in binomial 

GLMMs. 

Model term  Estimate 

  
Interceptǂ  ‐1.17 (‐3.03, ‐0.08) 
Distance  0.10 (‐0.02, 0.21) 
Grazing  ‐1.90 (‐4.17, 0.38) 
Distance:Grazing interaction  0.18 (‐0.04, 0.40) 
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Supplementary Figure 3.1. Final path model showing estimated causal relationships between 

distance from the forest edge, livestock grazing, vegetation structure (principal components Veg 

PC1‐4) and probability of rat capture. Prior to path analysis vegetation variables were converted to 

six principal components, but only the first four were related to distance from edge, livestock 

grazing, or rat capture probability, so Veg PC5‐6 were omitted from the analysis. The first four 

components explained 34%, 22%, 15%, and 12% of the total measured variance in vegetation 

structure respectively. Plus/minus symbols at each arrow head show a positive/negative effect, 

and asterisks denote significance of each path: *** <0.001; ** <0.01; *<0.05; ns=not significant. 

Dotted arrows show non‐significant paths, and black arrows show variables which alter the 

strength of the relationship they feed into (i.e. interaction effects). Note that path coefficients are 

not directly comparable because of different scales of measurement of predictor variables 

(distance square root transformed; other variables untransformed) and different link functions for 

response variables (logit link for rat capture probability; identity link for other variables) used in 

models. 

.  
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 Appendix 4: Chapter 4 supporting information 

 

Appendix 4.1: Re-modelling the rat CTC index with the climate and topography axis 

excluded 

Preliminary modelling of the rat CTC index found that several of our predictors had 

variance inflation factors (VIFs) of ~2 when all predictors were included in the model, but 

≤1.5 when the climate and topography axis was removed (see main text). VIFs of 2 suggest 

that collinearity is unlikely to be a problem in statistical models, but even so may cause 

predictors with weak effects to be non‐significant (Zuur et al., 2010). To examine whether 

this modest level of collinearity was influencing our ability to detect effects of our 

predictors on the rat CTC index, we re‐ran our analyses of the rat data with the climate 

and topography axis removed. We repeated the methods reported in the main text 

exactly, except that none of our candidate models included the climate and topography 

axis. We note that this reanalysis was not necessary for the possum data, since variance 

inflation factors were already low with all variables included. 

 

Our results were qualitatively identical to those reported in the main text, except that the 

effect of urbanisation also became significant: the rat CTC index was significantly lower in 

urban than non‐urban areas (Supplementary Table 4.1; Supplementary Table 4.2). There 

are two potential reasons why urbanisation had a significant effect in our re‐analysis, but 

not in our main analysis. First, urbanisation may have had a real effect on the rat CTC 

index, but this effect was not detected in the main analysis because collinearity between 

urbanisation and the climate and topography axis inflated standard errors around the 
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effect estimate for urbanisation. Alternatively, the significant relationship between 

urbanisation and the rat CTC index in our re‐analysis was spurious, driven by the joint 

influence of the climate and topography axis on each of these variables. We cannot 

distinguish between these explanations, but conclude that, in addition to the effects of 

pest control category, vegetation structure, and our climate and topography axis, 

urbanisation also potentially influences the rat CTC index. 
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Chapter 4 supplementary tables 

 

Supplementary Table 4.1. Levels of support for candidate models used to test the effects of pest 

control, local vegetation, urbanisation, and forest loss on a CTC index of rat abundance. The 

candidate set for each response variable contained 32 models, representing all possible 

combinations of the main effects of predictor variables plus another model containing only 

random effects. ΔAIC gives a measure of change in AIC relative to the best model, while the Akaike 

weight wi gives the probability that model i is the most parsimonious in the set. The table shows 

fixed terms only, but each model also included a patch‐level random intercept to model non‐

independence among sampling stations within the same forest patch, and an observation‐level 

random intercept to model overdispersion in the data. Models which had little support (ΔAIC >4) 

are not shown. 'PC' = pest control category; 'Urban' = urbanization category; 'VegStructure' = 

vegetation structure; 'VegClass' = vegetation class; 'ForestCover' = percent forest cover in 

landscape. 

Model ΔAIC wi 

   
~PC + Urban + VegClass + VegStructure 0.00 0.28 
~PC + Urban + ForestCover + VegClass + VegStructure 1.04 0.17 
~PC + Urban + VegClass 2.44 0.08 
~PC + VegClass + VegStructure 2.60 0.08 
~PC + ForestCover + VegClass + VegStructure 2.89 0.07 
~PC + Urban + VegStructure 3.16 0.06 
~PC + VegClass 3.32 0.05 
~PC + ForestCover + VegStructure 3.48 0.05 
~PC + Urban + ForestCover + VegStructure 3.56 0.05 
~PC + VegStructure 3.78 0.04 
~PC 3.90 0.04 
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Supplementary Table 4.2. Parameter estimates and standard errors for effects of predator 

control, local vegetation, urbanisation, and forest loss on a CTC index of rat abundance. Multiple 

candidate models were supported by the data (ΔAIC<4; see Supplementary Table 4.1), so 

parameter estimates and standard errors were averaged across these models to account for 

uncertainty in model structure. Parameter estimates are given on the scale of the logit link used in 

binomial GLMMs. Asterisks reflect significant effects: * p<0.05; ** p<0.01; *** p<0.001. 

Variable  Estimate 

  
Intercepta  ‐ 1.54 ± 1.23  
PestControl_PP  1.06 ± 1.08 
PestControl_LRP  1.73 ± 1.18  
PestControl_HRP  ‐3.94 ± 1.35 ** 
Urban_Y  ‐2.33 ± 1.22 * 
VegClass_scrub  ‐1.60 ± 0.89  
VegClass_kahikatea ‐15.74 ± 1018.66b 
VegStructure  0.53 ± 0.26 * 
ForestCover  0.02 ± 0.02 
  
aRepresents the baseline level for each factor: ‘PestControl_None, 'Urban_N', and 
'VegClass_podocarp‐broadleaf'. 
bStandard errors approaching infinity and negative infinity represent an interval of (0,1) when 
back‐transformed. 
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Appendix 5: Chapter 5 supporting information 

 

Appendix 5.1. Estimating functional relationships between forest cover, pest control, 

and bird richness and relative abundance 

We illustrated our offsetting framework by predicting when the impacts of forest 

clearance on bird communities in northern New Zealand can be offset with pest control in 

remaining forest. The framework required inputs which specified the functional 

relationship between each biodiversity indicator variable (bird richness and relative 

abundance in our case), habitat quantity (forest cover), and habitat quality management 

(level of pest control). In this appendix, we describe the field surveys and statistical 

modelling used to estimate these functional relationships.  

 

Supplementary methods 

Selecting sampling station locations 

We selected the majority of our sampling stations as part of Auckland Council's Terrestrial 

Biodiversity Monitoring Programme (TBMP), which measures biodiversity values by 

systematically sampling plant, bird, and pest mammal communities in native forest 

throughout the region. 'Native forest' included scrub and shrubland vegetation types (as 

defined by Atkinson, 1985) that were pre‐cursors to mature forest vegetation or were 

stable vegetation types at the site. As part of this programme, sampling stations were 

placed at grid‐intersection points on a 4 km grid overlaid across the entire region. Where 

grid intersections did not fall on native forest habitat, a sampling location was randomly 

selected within the nearest forest patch, provided that this patch was within 2 km of the 
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grid intersection. In addition, we surveyed areas of special conservation interest (e.g. sites 

under intensive pest management) at higher spatial resolution by placing additional 

sampling stations at the intersections of either 2 km, 1 km, or 500 m grids nested within 

the 4 km grid (Supplementary figure 5.2). In all cases, sampling stations that fell within 20 

m of a forest edge were moved towards the centre of the patch until the nearest forest 

edge was 20 m away, to ensure that vegetation plots remained within forest habitat. 

 

We used data from the 2009‐2014 sampling period of the TBMP. However, not all 

sampling stations selected for the programme were included in our analysis. First, some 

private land owners did not give permission to survey on their land. Second, the program 

included sites on several of the Hauraki Gulf islands, and we excluded these sites because 

the effects of pest control are likely to differ compared with mainland sites because of 

reduced colonisation by pests (rats and possums) and reduced dispersal by birds.  

 

Preliminary analysis of the distribution of the TBMP sampling locations suggested that 

some of our pest control and forest cover predictor variables were either confounded or 

were not measured across their full range. Specifically, sampling stations with no pest 

control only occurred in landscapes with relatively low levels of forest cover, and there 

were only a handful of sampling stations in landscapes with very low levels of forest cover. 

Moreover, sampling stations under the highest levels of rat and possum control appeared 

to occur predominantly in a small number of (often very large) forest patches. To redress 

these limitations of the TBMP program, we conducted a targeted search for additional 
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sampling locations elsewhere in the Auckland region, and in the adjacent Northland and 

Waikato regions. 

 

We used ArcGIS version 10.0 coupled with the New Zealand land cover database version 2 

('LCDB2'; MfE, 2004b) to create a 'potential sampling station' at a randomly selected 

location within every forest patch in our search area, then calculated forest cover, patch 

size, and pest control category for each of these potential sampling stations using the 

methods described below. We removed any potential sampling stations that were on 

privately‐owned land, since in our study area there was no straightforward way to obtain 

the contact details of private landowners based on the mapped locations of forest 

patches. Exceptions were potential sampling stations on privately‐owned land covenanted 

under the 'QE2 National Trust' program, since this program provided an avenue through 

which we could request the contact details of landowners. 

 

Using this approach, we identified a large number of potential sampling stations in both 

Northland and Waikato that had very low levels of forest cover and no pest control. We 

selected the six of these that maximised the size of the forest cover gradient (i.e. had the 

lowest levels of forest cover) with the constraints that they should be (1) from both 

Waikato and Northland, to avoid inadvertently confounding forest cover and latitude, and 

(2) >2 km apart, to reduce the likelihood of spatial autocorrelation. We also identified two 

potential sampling stations, one in Northland and one in Waikato, which were in large 

forest patches, had very high levels of forest cover, and had no pest control. However, 

these potential sampling stations were >10 km from a walking trail or forest edge, so we 
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randomly reselected their locations within each forest patch until they fell <2 h walk from 

a trailhead and <500 m from the trail. Trails within these forest patches typically ran 

perpendicular to the forest edge, so this reselection approach was unlikely to bias the 

location of sampling stations towards forest edges. We also selected an additional 

sampling station in one of these forest patches. This was because these two forest patches 

were the only locations throughout our entire search area which had high levels of forest 

cover and no pest control, and we wanted to increase the sample size for sampling 

stations with these characteristics. We randomly selected the location of this additional 

sampling station, with the constraints that it had to be (1) >2 km from the other sampling 

stations (to minimise spatial autocorrelation), and (2) <2 hrs walk from a trailhead and 

<500 m from the trail. Lastly, we identified a medium‐sized forest patch (182 ha) under 

high‐intensity rat and possum control, and we placed an additional sampling station in this 

patch. Ultimately, this approach resulted in an additional ten locations sampled across 

Northland and Waikato in 2012: six with very low levels of forest cover (<3%), three in 

large forest patches that were located in landscapes with very high forest cover but no 

pest control, and one in an additional forest patch under high‐intensity rat and possum 

control. Combined with the TBMP programme, our study included a total of 195 sampling 

stations (Supplementary figure 5.2). 

 

Sampling birds 

Birds were surveyed with five‐minute bird counts, the standard method for quantifying 

the relative abundance of terrestrial birds in New Zealand (Hartley, 2012), between 

November and December (i.e. early summer) each year. Each sampling station was 
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surveyed three times over the course of a single day, beginning at least 2hr after sunrise 

and ending before 1pm, and with an interval of at least one hour between counts. For 

each sampling station, we measured two simple biodiversity indicators: species richness 

(i.e. the number of native forest species recorded across all three counts; hereafter 

'richness') and relative abundance (i.e. the total number of individuals recorded from all 

native forest species; hereafter 'abundance'). We defined 'native forest' species based on 

the habitat descriptions of Heather and Robertson (2005) and the digital encyclopedia of 

New Zealand birds (www.nzbirdsonline.org.nz, accessed March 2014) (Supplementary 

table 5.1). We note that these indicators may be influenced by the conspicuousness of the 

individual species occurring at each sampling station, in addition to the richness and 

abundance of the bird community per se. Nonetheless, they provide simple and 

interpretable measures of the health of the native bird communities sampled. 

 

Measuring forest cover 

We quantified levels of forest cover in the landscape surrounding each sampling station 

with ArcGIS version 10.0, using land cover data from the LCDB2. We measured percent 

forest cover within a 1 km radius of each sampling station, after a preliminary analysis 

found that this radius predicted native bird richness better than other radii considered 

(Supplementary table 5.2). We defined 'forest' as the 'indigenous forest', 'broadleaf 

indigenous hardwoods', and 'manuka and kanuka' categories of the LCDB2, based on a 

previous analysis which found that the distribution of native forest birds was best 

described by this combination of LCDB2 categories (Chapter 2). 
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Categorising pest control 

We categorised the type of pest control in the landscape surrounding each sampling 

station (i.e. within a 1 km radius) using the GIS maps of pest control produced in Chapter 

4. Pest control operations fell into five broad categories (reproduced from Chapter 4):  

1. eradication ('E'), which were areas enclosed by predator‐proof fences where all 

rats, possums, mustelids, and cats had been eradicated; 

2. high‐intensity rat and possum control ('HRP'), which was defined as ongoing 

control of rats and possums at a level at least as intensive as that done in the 

Department of Conservation's 'mainland island' programme. This programme aims 

to restore the ecosystems of six forest sites through intensive control of multiple 

pest species (Saunders & Norton, 2001). Following descriptions of the pest control 

operations carried out at these mainland islands (Gillies, 2002; Gillies et al., 2003), 

and from discussions with mainland island management staff, pest control 

operations were classified as 'high‐intensity' if all of the following conditions were 

met: (a) poison bait stations, targeting rats and possums, were placed at an 

average density of >1 per 1.5 ha; (b) bait stations were active at least over spring 

and summer; and (c) bait was replaced at least every 12 weeks during this active 

period. HRP operations have been shown to reduce indices of rat and possum 

abundance to near‐zero levels in our study region (Chapter 4). These operations 

typically also undertook intensive mustelid control; 

3. low‐intensity rat and possum control ('LRP'), where control was targeted at both 

rats and possums, but not at a 'mainland island' level of intensity; 
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4. periodic possum control ('PP'), where target areas were periodically controlled for 

possums, with a return time of 1‐7 years. Other pest species were not actively 

targeted, although there may have been by‐kill, especially of ship rats; and 

5. no pest control ('NC'). 

 

Initially, we planned to quantify pest control in the landscape surrounding each sampling 

station by combining its constituent pest control categories with an area‐weighted 

average (as per Appendix 2.1 of Chapter 2). However, we found that the category of pest 

control at each sampling station was closely related to the levels of pest control in the 

wider landscape. For sampling stations categorised as 'eradication', an average of 95% of 

native forest within a 1 km radius of the sampling station was also under eradication 

control. Similarly, for sampling stations categorised as 'HRP', 'LRP', 'PP', and 'NC', an 

average of 85%, 83%, 86%, and 91% of native forest within a 1 km radius of the sampling 

station was under the same pest control category, respectively. We therefore used the 

category of pest control at each sampling station as our landscape‐level measure of pest 

control. 

 

There was likely to be a time lag between the initiation of pest control and the realisation 

of benefits to bird communities. We therefore determined the category of pest control at 

each sampling station after excluding all operations that began <5 years before the date of 

survey. However, our results were robust to the inclusion or exclusion of these operations, 

since a re‐analysis which included them produced results that were very similar to those 

from our main analysis (Supplementary figure 5.3). 
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Measuring potentially confounding variables 

There were a number of variables aside from native forest cover and pest control category 

that could plausibly influence our measurements of bird richness or abundance. If 

correlated with native forest cover or pest control category, these variables might cause 

us to estimate spurious relationships between native forest cover, pest control, and bird 

richness or abundance if unaccounted for. We identified survey conditions during bird 

counts, local vegetation characteristics, level of urbanisation in the surrounding landscape, 

cover of pine plantations in the surrounding landscape, and latitude as potential 

confounds. We measured these variables at each of our sampling stations, examined 

whether they were correlated with native forest cover or pest control category (and 

therefore had the potential to cause spurious relationships), and if so included them in 

our statistical models to control for their effects. 

 

We measured the following survey conditions during each bird count: (1) date of survey 

(measured as number of days since 1 November); (2) identity of the surveyor; (3) minutes 

since dawn; (4) an estimate of the number of minutes of sunshine on the canopy during 

the count; (5) amount of noise on a four‐point scale (0=none; 1=slight; 2=moderate; 

3=significant); (6) amount of wind on the same scale; and (7) amount of rain on a six‐point 

scale (0=none; 1=foliage dripping; 2=drizzle; 3=light; 4=moderate; 5=heavy). We averaged 

variables 3‐7 across counts to produce a single value for each sampling station. 
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We measured vegetation characteristics at each sampling station using a 20 × 20 m 

vegetation plot. We quantified vegetation characteristics within each vegetation plot with 

the following variables: (1) maximum diameter at breast height (DBH) of trees, where 

'breast height' was 1.35 m above ground, and trees were defined as any woody plant or 

treefern with a DBH >2.5 cm; (2) average canopy height, estimated to the nearest metre; 

(3) canopy cover (percent cover of all vegetation >1.35 m above ground), estimated to the 

nearest 10%; (4) density of trees (i.e. number per 400 m2 plot; and (5) the proportion of 

tree species that were native. Variables 1‐4 were selected to characterise differences in 

vegetation structure among sampling stations, while variable 5 was selected because it 

has previously been shown to influence the richness of native forest birds in Auckland 

(Stevens, 2006). 

 

We also categorised sampling stations by vegetation class, using categories that we 

believed would reflect major differences in resources for birds. Specifically, we 

distinguished between (1) kahikatea (Dacrycarpus dacrydioides) forest, where kahikatea 

forms a near‐monoculture of very tall, open forest; (2) early successional scrub forest, 

consisting of relatively small trees dominated by kanuka (Kunzea ericoides) and manuka 

(Leptospermum scoparium); and (3) late successional podocarp‐broadleaf forest, generally 

containing a variety of podocarp and broadleaf species. We classified our sites based on 

the proportional contribution of these species to the total basal area of trees in each plot: 

sites in which kahikatea comprised >50% of total basal area were classed as 'kahikatea'; 

sites in which kanuka and manuka combined comprised >30% of total basal area were 

classed as 'scrub forest'; and all other sites were classed as 'podocarp‐broadleaf' forest. 
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We used this lower cutoff for the 'scrub' category because kanuka and manuka are 

relatively small trees, and so a 30% basal area was still likely to represent strong numerical 

dominance by these species. This value also roughly corresponded with the emergence of 

late successional podocarp‐broadleaf forest species, which were generally rare where 

kanuka and manuka comprised >30% of basal area, but common otherwise.  

 

We quantified urbanisation and cover of pine plantations using land cover data from the 

LCDB2. We categorised sampling stations as 'urban' if the forest patch they were in was 

bordered on at least three sides by the 'built‐up' or 'urban parkland' categories of the 

LCDB2. Visual examination of aerial photographs of the study area indicated that this 

criterion effectively separated patches that were within urban areas from those that were 

not. We measured percent cover of pine plantations in a 1 km radius surrounding each 

sampling station, where pine was defined as the 'Pine – open canopy' and 'Pine – closed 

canopy' categories of the LCDB2. 

 

We used linear mixed models to examine potential relationships between native forest 

cover and potential confounds. We modelled each potential confound as a function of 

native forest cover or pest control category using the 'lmer' function of the R package 

'lme4', including patch identity as a random factor. We used the 'mixed' function of the 

'afex' package (Singmann et al., 2014) to estimate p‐values for each of these models, since 

they are not provided directly by lme4. 
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This exercise suggested that six of our potential confounds were significantly related to 

either pest control category or native forest cover: four 'survey conditions' variables 

(noise, rain, survey date, and minutes since dawn), vegetation class, and urbanisation 

category (Supplementary table 5.4). We therefore included these variables in our 

statistical models to account for their effects while estimating relationships between 

native forest cover, pest control category, and native forest birds. 

 

Modelling functional relationships between forest cover, pest control, and bird 

communities 

We used Poisson generalised linear mixed models (GLMMs) to estimate the functional 

relationship between native forest cover, pest control category, and bird richness and bird 

abundance. We modelled each response variable (i.e. bird richness and bird abundance) 

as a function of native forest cover, pest control category, and our six confounding 

variables, using the 'lme4' package (Bates et al., 2011) in R v 3.1.0 (R Core Team, 2012). 

Each model also contained forest patch and observer identity as random factors to 

account for non‐independence of sampling stations within patches and bird counts by the 

same observer, respectively. For models in which significant overdispersion of model 

residuals was detected (i.e. all models of bird abundance), we also added an observation‐

level random effect to the model to meet GLMM assumptions. 

 

We used the logarithm of native forest cover in our models, under the expectation that 

the relationship between bird richness and forest cover would follow a standard species‐

area curve (i.e. a linear relationship between the logarithm of richness and the logarithm 
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of forest cover; Rosenzweig, 1995). Poisson GLMMs model the logarithm of the response 

variable as a linear combination of predictor variables, so we needed to log‐transform 

forest cover prior to analysis to model this relationship. Comparison of models in which 

forest cover was log‐transformed with those in which it was not using Akaike’s 

Information Criterion (AIC) suggested that log‐transformation provided a better fit to the 

data for both bird richness and bird abundance (ΔAIC = 1.0 and 3.2, respectively). 

 

We were uncertain whether there would be an interaction between the effects of native 

forest cover and pest control category. To account for this uncertainty, we ran two models 

for each response variable: one which included only the main effects of native forest cover 

and pest control category and one which also included an interaction term. We used AIC 

to identify which model was best supported by the data, and if there was no clear 

evidence of a single best model (i.e. a model with Akaike weight ≥0.9; Grueber et al., 

2011) we averaged parameter estimates and confidence intervals across both models 

using the 'model.avg' function of the 'MuMIn' package (Barton, 2013). This approach 

adjusts confidence intervals to account for model uncertainty and reduces bias in 

parameter estimates when multiple models are well supported (Burnham & Anderson, 

2002). 

 

Prior to running our final models, we calculated variance inflation factors (VIFs) for each 

predictor using the 'vif.mer' function (downloaded from https://github.com/aufrank/R‐

hacks/blob/master/mer‐utils.R, February 2014). This revealed that one of our potential 

confounds ('vegetation class') had a high VIF (>16 for both richness and abundance 
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models), suggesting that its inclusion would affect our ability to accurately estimate the 

effects of forest cover and pest control category (Zuur et al., 2010). We therefore 

removed this variable from our models. Nonetheless, a reanalysis which did include 

vegetation class estimated similar functional relationships between forest cover, pest 

control category, and bird richness and abundance, suggesting that its exclusion from our 

main analysis did not strongly influence results (Supplementary figure 5.4). 

 

We found no evidence of spatial autocorrelation or other violations of model assumptions 

in any of our models, as judged by correlograms created with the 'spline.correlog' function 

of the 'ncf' package in R (Bjørnstad, 2013) and plots of model residuals against fitted 

values and predictor variables. The lack of patterning in plots of model residuals also 

suggested that the log‐log relationships that we specified by log‐transforming forest cover 

prior to analysis provided a good fit to the data. 

 

Supplementary results 

For both bird abundance and bird richness, the model that included only the main effects 

of native forest cover and pest control category was much better supported than the 

model that also included an interaction term (AIC weight > 0.9 in both cases). We 

therefore used the main effects models as our final models for estimating relationships 

between forest cover, pest control, and bird richness and abundance.  

 

For bird richness, the final model suggested a significant positive effect of forest cover 

after controlling for the effects of confounding variables (Supplementary table 5.5; Figure 
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5.2a). In contrast, the effects of pest control were largely non‐significant, with only 

sampling stations under 'eradication' control differing significantly from sampling stations 

with no pest control (Supplementary table 5.5). Nonetheless, model‐predicted values 

indicated that effects of pest control were largely in line with expectation, with bird 

richness tending to increase with increasing intensity of pest control category (Figure 

5.2a). 

 

For the final bird abundance model, there was a significant positive effect of forest cover 

after controlling for the effects of confounding variables (Supplementary table 5.5; Figure 

5.2b). Model‐predicted values indicated that bird abundance increased with increasing 

intensity of pest control category (Figure 5.2b). Sampling stations under both 'eradication' 

and 'HRP' (high‐intensity rat and possum) control had significantly higher bird abundance 

than sampling stations with no pest control, whereas sites under 'LRP' (low‐intensity rat 

and possum) and 'PP' (periodic possum) control did not (Supplementary table 5.5). 

 

We used the predicted values from these final models as estimates of the functional 

relationship between each biodiversity indicator (i.e. bird richness and abundance), forest 

cover, and pest control category. These functional relationships were used as input into 

our offsetting framework, to predict when the impacts of forest clearance on bird richness 

and relative abundance can be offset with pest control in remaining forest.
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Chapter 5 supplementary tables and figures 

Supplementary table 5.1. Native bird species recorded in our surveys, and whether we counted 

them as 'forest species' for our analysis. 

Common name Latin name 

  
Forest species  
Bellbird Anthornis melanura 
Grey warbler Gerygone igata 
Fantail Rhipidura fuliginosa 
Hihi  Notiomystis cincta 
Kaka Nestor meridionalis 
Kakariki, red‐fronted Cyanoramphus novaeseelandiae 
Kereru Hemiphaga novaeseelandiae 
Morepork Ninox novaeseelandiae 
North Island robin Petroica longipes 
North Island kokako Callaeas cinereus 
North Island saddleback Philesturnus rufusater 
Shining cuckoo Chrysococcyx lucidus 
Silvereye Zosterops lateralis 
Tomtit Petroica macrocephala 
Tui Prosthemadera novaeseelandiae 
Whitehead  Mohoua albicilla 
  
Non-forest species  
Black‐backed gull Larus dominicanus 
Paradise shelduck Tadorna variegata 
Pukeko Porphyrio porphyrio melanotus 
Red‐billed gull Larus novaehollandiae 
Sacred kingfisher Todiramphus sanctus 
Spur‐winged plover Vanellus miles 
Swamp harrier Circus approximans 
Variable oystercatcher Haemotopus unicolor 
Welcome swallow Hirundo neoxena 
White‐faced heron Egretta novaehollandiae 
White‐fronted tern Sterna striata 
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Supplementary table 5.2. Levels of support for candidate models which examined the best 

landscape size for quantifying the effects of native forest cover on the richness of native forest 

birds across our sampling stations. Each model was a Poisson GLM which modelled the number of 

native forest birds as a function of native forest cover in the surrounding landscape, where 

landscapes were defined as either 500 m, 1000 m, 5000 m, or 15,000 m radius circles surrounding 

each survey point. ΔAIC gives a measure of change in the Akaike Information Criterion relative to 

the best model, while the Akaike weight wi gives the probability that model i is the most 

parsimonious in the set (Burnham & Anderson, 2002). 

Model ΔAIC wi 

   
~ 500 m 0.00 0.50 
~ 1000 m 1.24 0.27 
~ 5000 m 1.62 0.22 
~ 15,000 m 8.38 0.01 
   

 

 

Supplementary table 5.3. Distribution of sampling stations across pest control categories and 

levels of forest cover. The table shows the number of sampling stations, and the range of values of 

percent forest cover sampled, for each pest control category. 

Pest control category n Range (% forest cover) 

   
No control 51 <1 – 100 
Periodic possum 70  1 – 100 
Low‐intensity rat and possum 27  1 – 100 
High‐intensity rat and possum 35 <1 – 100 
Eradication 12 12 – 36 
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Supplementary table 5.4. Relationships between native forest cover, pest control category, and 

15 potentially confounding variables that were potentially correlated with forest cover or pest 

control category and which might plausibly influence native forest bird communities. The table 

shows p‐values of linear mixed models which regressed each potential confound against either 

pest control category or native forest cover. Where necessary, variables were transformed to 

normalise their distributions and linearise their relationships with forest cover. Each model also 

contained forest patch identity as a random effect to account for non‐independence of sampling 

stations within patches. Significant p‐values (≤0.05) are shown in bold. 

 

Potential confound P-value 

 Forest cover model Pest control model 

   
Survey conditions   
Days since November 1st 0.044 0.050 
Minutes since dawn <0.001 0.028 
Sunshine 0.597 0.513 
Noise 0.001 0.355 
Wind 0.425 0.849 
Rain 0.061 0.017 
   
Vegetation variables   
Maximum DBH 0.218 0.142 
Average canopy height 0.519 0.544 
Percent canopy cover 0.322 0.076 
Tree density 0.883 0.214 
Percent native trees 0.156 0.406 
Vegetation class 0.003 0.088 
   
Other variables   
Urbanisation <0.001 0.021 
Latitude 0.550 0.625 
Pine plantation cover 0.811 0.259 
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Supplementary table 5.5. Estimates of the effects of native forest cover and pest control category 

on the richness and abundance of native forest birds. The table also shows estimated effects of six 

potentially confounding variables which were included in models to control for their effects when 

estimating effects of native forest cover and pest control category. Parameter estimates are given 

on the scale of the log link used in Poisson GLMMs. Pest control categories: E = eradication; HRP = 

high‐intensity rat and possum control; LRP = low‐intensity rat and possum control; PP = periodic 

possum control. Asterisks reflect significant effects: * p<0.05; ** p<0.01; *** p<0.001. 

Variable  Estimate 

  
Richness model  
Intercepta  ‐1.77 ± 0.06 ***  
Forest cover  0.09 ± 0.04 * 
PestControl_E  0.30 ± 0.13 *  
PestControl_HRP  0.13 ± 0.11  
PestControl_LRP  0.15 ± 0.11 
PestControl_PP  0.05 ± 0.09 
Urban_Yes  ‐0.10 ± 0.12 
SurveyDate  0.02 ± 0.03  
MinutesSinceDawn  ‐0.02 ± 0.04  
Rain  ‐0.01 ± 0.03 
Noise  ‐0.02 ± 0.04 
  
Abundance model  
Intercepta  3.00 ± 0.09 ***  
Forest cover  0.13 ± 0.04 ** 
PestControl_E  0.63 ± 0.14 *** 
PestControl_HRP  0.24 ± 0.11 * 
PestControl_LRP  0.05 ± 0.10 
PestControl_PP  0.06 ± 0.09 
Urban_Yes  0.31 ± 0.10 ** 
SurveyDate  ‐0.04 ± 0.03  
MinutesSinceDawn  ‐0.07 ± 0.04 
Rain  ‐0.05 ± 0.03 
Noise  ‐0.06 ± 0.03 
  
aRepresents the baseline level for each factor: ‘PestControl_None and 'Urban_No' 
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Supplementary figure 5.1. Predicting the outcomes of quality offsetting relative to different 

scenarios of quantity offsetting. Given a function that describes the relationship between a 

biodiversity indicator variable and habitat amount in the presence (grey line) and absence (black 

line) of a management action that improves habitat quality, it is possible to predict the value of 

the biodiversity indicator for both (1) quality offsetting, in which cleared habitat is not replaced 

but the quality of remaining habitat is improved (grey text and solid arrow), and (2) a particular 

scenario of quantity offsetting, in which habitat is cleared (black solid arrow) then replaced with a 

particular quantity of newly‐created habitat (black dashed arrow). The ratio of these two numbers 

then predicts the biodiversity gain of quality offsetting relative to that scenario of quantity 

offsetting, with values >1 indicating that quality offsetting outperforms quantity offsetting. For the 

hypothetical relationship shown in the figure, a starting habitat cover of 60%, and a proposed 

clearance of 20% cover, the species richness after quality offsetting is 13. Conversely, a ‘net gain’ 

quantity offsetting scenario in which cleared habitat is replaced and an additional 15% of the 
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landscape is also converted to habitat produces a species richness of 11. The biodiversity gain of 

quality offsetting, relative to this particular scenario of quantity offsetting, is therefore 13/11 = 

1.2. Repeating this process for all possible combinations of starting cover and proposed clearance 

then allows prediction of when quality offsetting can outperform this scenario of quantity 

offsetting. 
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Supplementary figure 5.2. Locations of sampling stations used in the study. Shading shows the 

distribution of native forest, defined as the combination of the 'manuka and or kanuka', 'broadleaf 

indigenous hardwoods', and 'indigenous forest' layers of the New Zealand land cover database 

version 2. 
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Supplementary figure 5.3. Model‐predicted values for the effects of native forest cover and pest 

control category on (A) richness and (B) abundance of native forest birds. Pest control category 

was defined by including all pest control operations, rather than only those >5 years old as in the 

main analysis. Predictions were made from Poisson generalized linear mixed models that also 

controlled for a range of confounding variables. E = eradication; HRP = high‐intensity rat and 

possum control; LRP = low‐intensity rat and possum control; PP = periodic possum control; NC = 

no control. Truncated values for eradication predictions reflect the reduced range over which 

forest cover was measured for this pest control category. 
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Supplementary figure 5.4. Model‐predicted values for the effects of native forest cover and pest 

control category on (A) richness and (B) abundance of native forest birds. Predictions were made 

from Poisson generalized linear mixed models which were identical to those from the main 

analysis, except that they also included the 'vegetation class' variable to control for its potentially 

confounding effects. This variable was excluded from the main analysis because it caused 

considerable variance inflation among other variables and therefore reduced our ability to 

accurately estimate their effects. E = eradication; HRP = high‐intensity rat and possum control; LRP 

= low‐intensity rat and possum control; PP = periodic possum control; NC = no control. Truncated 

values for eradication predictions reflect the reduced range over which forest cover was measured 

for the eradication pest control category. 
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Supplementary figure 5.5 (caption on next page) 
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Supplementary figure 5.5. Predicted biodiversity gain from PC quality offsetting, relative to a 'net 

gain' scenario of quantity offsetting in which cleared forest was fully replaced plus an additional 

10% of the landscape was also converted to forest cover. Biodiversity gain was calculated in terms 

of richness (left column) and abundance (right column) of native forest birds, and was estimated 

for different scenarios of starting forest cover, proposed amount of forest clearance, and category 

of pest control used in PC quality offsetting (E = eradication; HRP = high‐intensity rat and possum 

control; LRP = low‐intensity rat and possum control; PP = periodic possum control). Horizontal grey 

lines show a biodiversity gain of one (i.e. no change), above which PC quality offsetting 

outperforms quantity offsetting. Truncated values for eradication predictions reflect the reduced 

range over which forest cover was measured for this pest control category. Biodiversity gain was 

estimated from model‐predicted values shown in Figure 5.2. 
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Supplementary figure 5.6 (caption on next page) 
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Supplementary figure 5.6. Predicted biodiversity gain from PC quality offsetting, relative to a 'net 

gain' scenario of quantity offsetting in which cleared forest was fully replaced plus an additional 

25% of the landscape was also converted to forest cover. The figure is identical to Supplementary 

figure 5.5, except that 25%, rather than 10%, of the landscape was converted to forest cover under 

net gain quantity offsetting.  
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Supplementary figure 5.7 (caption on next page) 
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Supplementary figure 5.7. Predicted biodiversity gain from PC quality offsetting, relative to a 'net 

gain' scenario of quantity offsetting in which cleared forest was fully replaced plus an additional 

50% of the landscape was also converted to forest cover. The figure is identical to Supplementary 

figure 5.5, except that 50%, rather than 10%, of the landscape was converted to forest cover under 

net gain quantity offsetting.  

 

 

  

Supplementary figure 5.8. Model‐predicted values for the effects of native forest cover and pest 

control category on (A) richness and (B) abundance of native forest birds, after excluding 

reintroduced species from the data. Predictions were made from Poisson generalized linear mixed 

models that were identical to those from the main analysis. E = eradication; HRP = high‐intensity 

rat and possum control; LRP = low‐intensity rat and possum control; PP = periodic possum control; 

NC = no control. Truncated values for eradication predictions reflect the reduced range over which 

forest cover was measured for the eradication pest control category. Reintroduced species were 

identified from Appendix 1 of Miskelly & Powlesland (2013). 

 

 


