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     This thesis presents a Species Distribution Model (SDM) for prediction of Black 

Oystercatcher breeding pair occurrence in Haida Gwaii, British Columbia. Prior to building a 

SDM, a quantitative wave exposure index was developed and found to be a useful proxy for 

abundance of key Black Oystercatcher prey items, which were sampled at 50 intertidal stations 

in Gwaii Haanas National Park Reserve and Haida Heritage Site. A SDM for breeding pair 

occurrence was fitted using Boosted Regression Trees. In total, fourteen predictors (including 

the wave exposure index) were selected a priori through development of a conceptual model. 

Breeding pair occurrence data were compiled from two available surveys conducted in 2005 

and 2010 (545km of shoreline surveyed). All data were aggregated to common model units 

(vector polyline shoreline ‘segments’ approximately 100m in length), which approximate 

breeding territory size. The ‘best’ model (which included distance to treeline, island area, wave 

exposure, shoreline type, intertidal area) had excellent predictive ability, assessed by 10-fold 

cross-validation (AUC=0.89). Predictive ability was reduced on spatially (AUC=0.86) and 

temporally independent data (AUC=0.84). Distance to treeline and island area had greatest 

influence on the model. Breeding pairs tended to occur far from the treeline, on small islands, at 

high wave exposures, at moderate intertidal area, on bedrock or gravel shoreline types, and on 

islands without rats. However, breeding pairs tended not to occur on very small islands and at 

very high wave exposures, possibly to avoid nest washout. A model including only ShoreZone 

environmental data performed relatively poorly and inclusion of data on rat occurrence did not 

improve model predictive ability. Results may inform local conservation and management efforts 

(i.e. from predictive maps), and eventual development of a high-resolution (~100m) model for 

prediction of Black Oystercatcher breeding pairs at a regional scale. 
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CHAPTER 1: INTRODUCTION 

1.1 Background 

The Black Oystercatcher (Haemotopus bachmani) is a shorebird whose breeding range 

extends along the west coast of North America, from Baja California, Mexico, to Aleutian 

Islands, Alaska. Interest in Black Oystercatcher conservation is twofold. First, it is a ‘species of 

concern’ in conservation plans throughout its range (summarized in Tessler et al., 2010) due to 

restricted habitat requirements, small population size (8,300 - 12,500; Andres et al., 2012) and 

particular vulnerability to coastal environmental threats (e.g. oil spill, introduced predators, 

human disturbance, ocean acidification; Sloan & Bartier, 2006). Moreover, the Black 

Oystercatcher is one of 126 bird species in North America listed as ‘climate endangered’ by the 

Audubon Society, since only 3% of the current breeding range is expected to remain by 2080, 

with a total projected decrease in range size of 31% (Schuetz & Langham, 2013; Langham et 

al., 2015). 

Second, as relatively conspicuous, widespread, keystone predators (Lindberg et al., 1987; 

Marsh, 1986) and intertidal obligates, Black Oystercatchers are useful indicators of overall 

intertidal ecosystem health (Zacharias & Roff, 2001b; Sloan & Bartier, 2006; Carlson-bremer et 

al., 2010). They are monitored for this purpose in a number of conservation areas (e.g. Sloan & 

Bartier, 2006; U.S. Forest Service, 2002). Prey remains collected from Black Oystercatcher 

nests may also be used to indicate recovery of the endangered northern abalone (Bergman et 

al., 2013), which is a flagship species for coastal conservation in Haida Gwaii (Brown et al., 

2011; Sloan, 2004). 

Effective conservation and monitoring requires understanding how a species is distributed in 

space. Since Black Oystercatcher distribution cannot be feasibly mapped directly (e.g. via 

remote sensing), knowledge of distribution is limited to coastline that has been surveyed 

(summarized in Tessler et al., 2014). Due to logistical constraints (e.g. cost, difficulty of 

accessing remote, rugged shoreline), the vast majority of shoreline that Black Oystercatchers 

are thought to inhabit remain un-surveyed and distribution and population health are not well 

known (Tessler et al., 2014). 
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1.2. Problem statement 

In reviews of the conservation status of the Black Oystercatcher in California (Weinstein et 

al., 2014) and throughout its range (Tessler et al., 2014), authors identified the need to develop 

models capable of predicting distribution or suitable breeding habitat (i.e. “geospatial habitat 

models” sensu Tessler et al., 2014; “geospatial description of good-to-optimal breeding habitat” 

sensu Weinstein et al., 2014) as a basis for: (1) predicting vulnerability to environmental change 

and disturbance; (2) identifying important areas for conservation and monitoring activities; and 

(4) improving estimates of population size and conservation status (Tessler et al., 2014). 

Although terminology differs across studies (e.g. ‘predictive habitat models’, ‘ecological niche 

models’), we refer to these models generally as Species Distribution Models (SDMs).  

To date, no SDM has been developed for predicting distribution of Black Oystercatcher 

breeding pairs at a scale relevant to landscape-level management. A number of studies have 

compared habitat features measured in situ at known breeding sites vs. random sites (e.g. 

Vermeer et al., 1992), or have investigated the relationship between reproductive success and 

habitat quality (e.g. Hazlitt & Butler, 2001). However, lack of environmental data covering 

unsampled shoreline in these studies precludes prediction. Mcfarland (2010) compared 

remotely sensed habitat features at known breeding sites vs. random sites in Alaska, but did not 

generate predictions at un-surveyed shoreline. In California (Weinstein et al., 2014) and Alaska 

(Poe & Andres, 1999), mean breeding density at different shoreline types was calculated to 

estimate population size and identify suitable habitat, respectively. Finally, Probability of 

Observation models developed by the Breeding Bird Atlas of British Columbia predict breeding 

Black Oystercatcher distribution from a set of distal predictors (latitude, longitude, aspect, 

elevation, slope) across BC at 10km resolution – a scale generally not useful for landscape-level 

conservation management (Richmond et al., 2015). 

1.3 Objectives  

The purpose of this thesis is to develop a SDM to predict ‘probability of occurrence’ of Black 

Oystercatcher breeding pairs in southeastern Haida Gwaii, British Columbia, at a landscape 

scale. The study area mostly lies within the boundaries of Gwaii Haanas National Park Reserve, 

National Marine Conservation Area Reserve and Haida Heritage Site (Gwaii Haanas) and 

K’uuna Gwaay Conservancy and Haida Heritage Site (K’uuna Gwaay; also known as Laskeek 

Bay). Access to a rich set of occurrence and environmental data makes the study area an ideal 

location to develop and test SDMs. To facilitate model interpretation we also investigate the 
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influence of substrate and wave exposure on abundance of key prey items. More specifically, 

the objectives of this thesis are to: 

1. Develop GIS data sets and a modeling framework building on the ShoreZone mapping 

system, which may be generally useful for coastal SDM in Haida Gwaii. 

2. Develop a quantitative fetch-based exposure index and test usefulness as proxy for 

abundance of key Black Oystercatcher prey items at sites of suitable substrate. 

3. Develop a set of predictors (selected a priori), interpret species-response curves, and 

test usefulness (i.e. relative influence) of predictors for predicting Black Oystercatcher 

breeding pair occurrence at a landscape scale. 

4. Test predictive ability (i.e. discrimination) and transferability (i.e. on independent data) of 

models varying in complexity and develop a predictive map displaying probability of 

occurrence or predicted presence/absence for southeastern Haida Gwaii. 

1.4 Thesis outline 

The body of this thesis comprises four main chapters. Chapter 2 reviews relevant literature 

contributing toward a conceptual model for Black Oystercatcher breeding pair occurrence, with 

particular reference to Haida Gwaii and British Columbia. Chapter 3 presents a general 

framework for coastal SDM in Haida Gwaii. Methods for integrating novel predictors of various 

data types with existing ShoreZone attributes is explained and currently available GIS data sets 

on biophysical aspects of Haida Gwaii shoreline are reviewed. Chapter 4 is a manuscript 

presenting background, methods, results and discussion on relationship between quantitative 

wave exposure indices and Back Oystercatcher prey abundance. Chapter 5 is a manuscript 

presenting background, methods, results and discussion on a SDM for Black Oystercatcher 

breeding pairs in southeastern Haida Gwaii. Finally, Chapter 6 summarizes key findings and 

major contributions to the literature; discusses general limitations and sources of error; and 

presents recommendations for future research.  
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CHAPTER 2: CONCEPTUAL MODEL FOR OBSERVED BLACK 

OYSTERCATCHER BREEDING PAIR OCCURRENCE 

 

Ecologically meaningful and interpretable SDM require development of a conceptual model 

based on previous literature (Guisan & Zimmermann, 2000). I developed a conceptual model for 

breeding Black Oystercatcher occurrence at a landscape scale and received feedback from 

experts, local managers and local field practitioners (Figure 2.1). In general, observed 

occurrence is determined by exogenous factors, endogenous factors, and/or observer bias 

(Mattsson et al., 2013). In this study, exogenous factors were grouped according to indirect or 

direct relation to: (1) prey availability and abundance (prey-related); or (2) avoidance of nest 

failure and mortality (mortality-related). An Important endogenous factor considered was 

territoriality. Dispersal was not  

Below, I review relevant aspects of breeding biology and explain hypothesized mechanistic 

link between variables and observed occurrence. I provide supporting evidence from 

observational and experimental (e.g. predator removal) studies. I place particular emphasis on 

exogenous factors and on studies based in Haida Gwaii or British Columbia. More 

comprehensive reviews can be found in Hipfner et al. (2012) and Tessler et al. (2014). Note that 

although territoriality and observer bias are not explicitly modeled in this thesis (e.g. hierarchical 

models; Mackenzie et al., 2002; Dormann, 2007; Mattsson et al., 2013), their expected effect on 

observed occurrence is reviewed nonetheless to facilitate interpretation of model predictions 

and understanding of limitations/sources or error.  

2.1 Prey-related 

I hypothesized that: Black Oystercatchers are more likely to occur within close proximity to 

food resources; occurrence may be driven primarily by prey abundance, but also by prey 

availability, preference of prey size and risk of injury; and at a landscape scale, abundance and 

availability are primarily determined by wave exposure, substrate and slope. The importance of 

wave exposure, substrate and slope as determinants of intertidal or benthic species distribution 

is often acknowledged in the literature in BC (Hayes & Morris, 2002; Howes, 2000; Zacharias et 

al., 1999) and elsewhere (Isaeus, 2004; Snickars et al., 2014). Other potential forage-related 

variables, including distance to freshwater, chlorophyll-a concentration and aspect were not 

found to influence occurrence in Alaska (Mcfarland, 2010) and therefore are not considered 
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here. Salinity and water temperature, which tend to influence intertidal species distributions at 

broader scales, are also not considered (Raffaelli, 1996; Nyström Sandman et al., 2013). 

Figure 2.1. A conceptual model for observed Black Oystercatcher breeding pair occurrence. 

 

Black Oystercatcher diet primarily consists of mussels (Mytilus spp.) and limpets (Lottiidae 

spp.), in addition to a wide variety of other intertidal invertebrates (Bergman et al., 2013; 

Hartwick, 1976). In Haida Gwaii, prey remains collected around nests indicate that limpets, 

mussels, and chitons (Katherina tunicate, Mopalia mucosa) constitute 61%, 24%, and 12%, of 

the diet, respectively (Bergman et al., 2013). Whilst limpets are most frequently eaten, mussels 

are likely to contribute more in terms of biomass (Falxa, 1992; Hartwick, 1976), and are an 

especially important component of chick diet (Hartwick, 1976). Foraging is thought to occur 

primarily in the immediate area surrounding the nest (i.e. within a territory), although birds have 

been observed traveling up to 1km away (Hartwick, 1978). Mussel (Mytilus spp.) beds and beds 

of the macrophytic algae, rockweed (Fucus spp.) are important foraging habitats that are likely 

to harbor abundant prey (Tessler et al., 2014). These two habitats often coexist, although 

rockweed is more widespread (Sloan & Bartier, 2006).  
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Wave exposure is perhaps the most important determinant of along-shore (i.e. horizontal) 

intertidal species assemblage at a landscape scale (Raffaelli, 1996; Murray et al., 2002). Black 

Oystercatchers are hypothesized to occur (and forage) at moderate wave exposures 

(Mcfarland, 2010), which likely reflects a trade-off between prey abundance, prey availability, 

and risk of injury. At high exposures and on shoreline of suitable substrate: prey is likely to be 

more abundant (Chapter 4); and mussels, which can only be eaten when ‘gaping’, are thought 

to be more available (i.e. due to ‘wetting’; Falxa, 1992). However, Black Oystercatchers may 

avoid sites at the highest exposures, likely to avoid injury from pounding waves (Falxa, 1992).  

Exposure interacts with substrate to determine substrate mobility, which is an important 

process driving intertidal species assemblage (Sloan & Bartier, 2006).  Mussels (Mytilus 

californianus), which are sessile, occur in beds on immobile hard substrate (i.e. bedrock) free of 

sediment. However, rockweed (Fucus spp.) and associated species such as limpets, may occur 

at other substrate types (boulder, gravel, cobble) at low exposures, where substrate mobility is 

minimal (Isaeus, 2004). Aside from supporting foraging habitat, certain substrate types may be 

preferred as nesting material by breeding Black Oystercatchers. 

The effect of substrate (or shoreline type) on occurrence of breeding pairs has been 

investigated previously. Studies simply comparing occurrence across substrate types have 

found: 90% of breeding pairs occurred on bedrock in Laskeek Bay, Haida Gwaii (n=28; Charest 

& Gaston, 2003); 50% of breeding pairs occurred on gravel shore types in Prince William 

Sound, Alaska (1,934 km surveyed; Poe et al., 2009); and in Shumagin Islands, Alaska, 

breeding pairs favored “beaches with boulder habitat” over sand and rock shore types (Byrd et 

al., 1997). Studies comparing breeding density across substrate types have found: higher 

density of breeding and nonbreeding individuals on rock shore types in the Channel Islands, 

California; approximately equal densities across rock and gravel types in mainland California, 

(Weinstein et al., 2014); and higher breeding density on gravel shore types in Destruction 

Island, Washington (Nysewander, 1977). Thus, whilst gravel and rock shore types are 

consistently important, preference of one or the other by breeding pairs appears to vary 

geographically.  

Finally, slope is likely to affect both prey abundance and availability. The effect of slope on 

breeding pair occurrence was clearly demonstrated on Middleton Island following an earthquake 

in 1962.  Massive seismic uplift created a gradually sloping intertidal area surrounding the 

island, where previously only cliffs were present. This subsequently led to colonization of the 
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island by breeding Black Oystercatchers and increase in population over several decades, 

presumably as prey became more abundant (Gill et al., 2004). In Prince William Sound, Alaska, 

breeding density was also higher on gradually sloping shoreline than steep shoreline (Andres, 

1998b).  

Although the most likely explanation for the effect of slope is increased intertidal area and 

thus, prey abundance, Hazlitt et al. (2002) showed that breeding pairs on gradually sloping 

shoreline were able to deliver more prey to chicks, probably because chicks were able to 

accompany adults on foraging trips. Furthermore, Black Oystercatchers are unable to feed on 

vertical surfaces (Lindberg et al., 1998), precluding the use of cliffs or steep areas to forage.  

2.2 Mortality-related 

Nest failure is common in Black Oystercatchers. In Skidegate Inlet, Haida Gwaii, the 

average number of young fledged per breeding pair per season was 0.5 (Vermeer et al., 1992). 

Elsewhere, reported number of young successfully fledged is similarly low: 0.7 in Mandarte 

Island, British Columbia (Drent et al. 1964, in Nysewander 1977); 0.4 in Sitka, Alaska (Webster 

1941, in Nysewander 1977); 0.3 in Cleland Island, British Columbia (Hartwick, 1973), and 0.4 in 

Strait of Georgia, British Columbia (Hazlitt & Butler, 2001). Fledging success also varies across 

years, as on Destruction Island, Washington, number of fledged young per pair ranged between 

0.4 and 1.4 over three years (Nysewander, 1977). Hatching success is also typically low. The 

number of breeding pairs to hatch at least one egg is normally less than 50% (summarized in 

Hipfner et al., 2012), except at isolated islands such as Triangle Island, British Columbia, and 

Middleton Island, Alaska, where hatching success is atypically high (87% and 93% respectively; 

Gill et al., 2004; Hipfner et al., 2012). 

Nest failure is primarily caused by depredation, exposure (e.g. causing washout) and human 

disturbance. In Skidegate Inlet, nest failure was attributed largely to depredation (47%), and 

nest washout (38%; Vermeer et al., 1992). In Alaska, Morse et al. (2006) estimated that 

depredation caused at least 65% of nest failures. More specifically, nest failure has been 

attributed to: severe summer storms (i.e. exposure; Hartwick, 1973; Nysewander, 1977); 

extreme high tides (Morse et al., 2006); inviability of eggs (Gill et al., 2004; Hazlitt & Butler, 

2001; Hipfner et al., 2012); encroachment by sea lions (Eumetopias jubatus, Zalophus 

californianus) leading to abandonment of chicks or eggs (Warheit, Lindberg, & Boekelheide, 

1984; Hipfner et al., 2012); depredation of adults by peregrine falcon (Hipfner et al., 2012); 

depredation of eggs or chicks by gulls (Larus glaucescens; Hartwick, 1973; Nysewander, 1977), 
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crows (Corvus caurinus; Hartwick, 1973; Nysewander, 1977; Hipfner et al., 2012), black bears 

(Ursus americanus), common ravens (Corvus corax), wolverines (Gulo gulo), and bald eagles 

(Haliaeetus leucocephalus; Morse et al., 2006). It is often difficult to attribute depredation events 

to particular species (Vermeer et al., 1992: Morse et al., 2006), although Hipfner et al. (2012) 

suspected that depredation by crows was the leading cause of nest failure on Triangle Island. 

Human disturbance (from research activities) also caused nest failure at Destruction Island 

(Nysewander, 1977), although breeding pairs appear to be resilient to low-level disturbance 

such as recreational camping (Morse et al., 2006). 

Several removal experiments have revealed the effect of predators (specifically, introduced 

mammals) and human disturbance on breeding pair occurrence and the relatively rapid 

response of Black Oystercatchers to environmental change. For example, breeding pairs 

recolonized Farallone Islands, California, within seven years of removal of human disturbance 

(Ainley & Lewis, 1974).  As well, the number of pairs increased from four to twelve at 

Destruction Island within seven years of lighthouse automation (Nysewander, 1977) and 

eradication of rats from Hawadax Island led to increase in number of breeding pairs from one to 

six, five years post-eradication (Croll et al., 2015). However, interannual variability in breeding 

population size may be explained by other factors, e.g. sea surface temperature (Hipfner & 

Elner, 2013). 

Observational studies reveal that island size, island isolation and distance to treeline may 

act as general proxies for vulnerability to predators. In Laskeek Bay, Haida Gwaii, Charest & 

Gaston (2003) found that all breeding pairs avoided the largest island (hypothesized to be a 

result of raccoon and marten occurrence) and that nests at known breeding sites tended to be 

further from the forest edge than randomly selected available sites. In Strait of Georgia, BC, 

Hazlitt (2001) found that breeding territories tended to occur further from the ‘mainland’ and 

forested islands. In Skidegate Inlet, Haida Gwaii, breeding success and breeding pair 

occurrence was higher on small islands with low percentage of forest cover, although breeding 

pairs did not appear to distinguish between islands connected or disconnected to larger, 

forested islands at low tide (Vermeer et al., 1992). In Alaska, island isolation (‘distance to 

mainland) was the only remotely sensed variable that differed significantly between known and 

available breeding sites. Breeding densities also appear to be lower on islands with rats 

(Gruman, 2013) and foxes (Byrd et al., 1997), although these studies are correlative and did no 

consider other habitat qualities (e.g. rat-infested islands in Haida Gwaii are also generally large 

and forested).  
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2.3 Territoriality 

Unrelated to exogenous (i.e. environmental) factors, Black Oystercatcher breeding pairs 

may be distributed in space according to endogenous processes, which occur as a result of the 

species themselves. Most notably for breeding Black Oystercatchers at a landscape scale is 

territoriality (i.e. intraspecific competition). Dispersal may be an important factor in models at 

broad scales.  

In cases where model unit size is smaller than territory size, commission error (predicted 

present but observed absent) and spatially autoccorelated residuals will occur in model units 

directly adjacent to a breeding pair. Thus, one way to deal with this issue is to make the model 

unit (e.g. shoreline ‘segment’; Chapter 4 & 5) approximately the same size as territory size. 

There is considerable variation in Black Oystercatcher territory size (Hartwick, 1976; Hazlitt, 

2001). In Strait of Georgia, British Columbia, territory size (length of shoreline) ranged from 

25m-245m, with a mean of 75m (SD=53m, n=38; Hazlitt, 2001). On Destruction Island, 

Washington, territory size (intertidal area) was on average, 1.3ha (range = 0.79-1.84ha, 

SD=0.33,n=11; Nysewander, 1977). Territory size may be less variable when intertidal area, not 

shoreline length, is considered (Nysewander, 1977).  

Thus, a model unit of ~100m may adequately approximate territory size and account for 

territoriality. However, Fielding & Bell (1997) point out that this fix is not perfect as: (1) model 

units would need to be correctly oriented with territories; (2) territory size is not fixed and may 

vary according to habitat quality or across years. Moreover a one-dimensional model (polyline 

shoreline) may not capture two-dimensional variability in territory shape.  

2.4 Observer bias 

Observed occurrence may not reflect true occurrence when ability of observers to detect 

species using a particular survey method is not perfect (i.e. detection probability is less than 

one). Failing to account for the observer process in models may lead to biased results (Royle et 

al., 2005), especially when detection probability is correlated with a predictor of occurrence 

(Guillera-Arroita et al., 2015). Black Oystercatchers are typically surveyed by boat. In repeated 

boat-based surveys of Black Oystercatcher breeding pairs in Washington, detection probability 

was 0.75 (95% BCI: 0.42–0.91; Lyons et al., 2012). Conducting at least two surveys within a 

breeding season (within a reasonably small period of time) would increase detection probability 

to greater than 0.94, although that is rarely feasible due to logistical constraints (i.e. cost, rough 



 

 18 

weather). No study has tested correlation of detection probability with predictors of occurrence, 

although Poe et al. (2009) hypothesized correlation with shoreline type.  

Aside from missed sightings, imperfect detection may also occur due to misidentification of 

breeding status (i.e. territorial vs. non-territorial based on behavioral cues), or improper timing of 

survey. The timing of surveys should coincide with minimal permanent ingress or egress of 

breeding pairs (i.e. a ‘closed population’). Breeding occurs annually from May-August; clutch 

initiation typically occurs in May-June, and fledging occurs July-August (Andres, 1998a). Earliest 

clutch initiation date is similar at studies across BC: May 9th, May 10th and May 7th in Strait of 

Georgia (Hazlitt, 1999), Triangle Island (Hipfner et al., 2012) and Skidegate Inlet (Vermeer et 

al., 1992), respectively. Mean clutch initiation date in Skidegate inlet, was May 23rd. Period of 

clutch initiation varied from three to seven weeks in aforementioned studies. Thus, surveys 

should ideally occur in June.  
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CHAPTER 3: A FRAMEWORK FOR COASTAL SPECIES 

DISTRIBUTION MODELING IN HAIDA GWAII, BRITISH COLUMBIA 

 

A Species Distribution Modeling (SDM) framework developed to predict Black Oystercatcher 

breeding pair occurrence may be generally useful for coastal species in Haida Gwaii. The 

framework presented here builds on the ShoreZone shoreline mapping system (ShoreZone), 

allowing integration of attributes within ShoreZone and attributes of other GIS data sets of 

various types, aggregated to a common model unit. Justification for, and details of the modeling 

framework are explained through the following: (1) a review of currently available biophysical 

shoreline GIS data sets in Haida Gwaii; (2) assessment of the need for, and current state of 

species-specific SDM in Haida Gwaii (and British Columbia); and (3) a technical explanation of 

the modeling framework and tools used for integrating different data types. 

3.1 Current biophysical shoreline maps  

In Haida Gwaii, current understanding of how biophysical aspects of intertidal shoreline are 

spatially distributed, stems mainly from ShoreZone data (Howes et al., 1994). ShoreZone used 

1:5,000 aerial video captured in 1991-1992 to create 1:50,000 scale digital physical shoreline 

maps delineating discrete, systematically described ‘shore units’ of homogenous shoreline ‘type’ 

(i.e. unique combination of slope, width, and substrate) that vary in size. Each unit was also 

assigned one of six wave exposure classes on an ordinal scale (‘very protected‘, ’protected’, 

’semi-protected’, ’semi-exposed’, ’exposed’, ’very exposed’), which were based on manually 

calculated fetch at the midpoint of each unit and validated with in situ biological data (see Sloan 

and Bartier, 2006, for details). 

A biological mapping component of ShoreZone consisted of mapping ‘biobands’ of highly 

visible species (e.g. ‘Zostera’) or species assemblages (e.g. ‘Dark Brown Kelp’). Each shore unit 

was classified as ‘continuous’, ‘patchy’ or ‘absent’ for each bioband type. Accuracy of bioband 

classification is variable and dependent on visibility of the species/assemblages, and biobands 

are species-specific for only a few highly visible species (Sloan & Bartier, 2006, Appendix B).  

Following biophysical mapping, expert knowledge was used to define regional marine 

ecosections (Zacharias et al., 1998), and broad intertidal habitat types based on unique 

combinations of ShoreZone attributes and biobands (Howes, 2000; Sloan & Bartier, 2006). 

Following collection of species occurrence data from 123 sampling stations throughout Haida 



 

 20 

Gwaii, cluster analyses were used to relate groups of species to habitat types (Hayes & Morris, 

2002). More recently, the British Columbia Marine Conservation Analysis (BCMCA) identified 

broad habitat types (e.g. ‘important invertebrate habitat 1’) based on ShoreZone attributes, and 

collated known observations of many species into regional scale maps from various historical 

survey data sets (BCMCA, 2011). 

3.2 Need for species-specific SDM 

With a recent emphasis on marine ecosystem-based management (Domínguez-Tejo et al., 

2016), understanding spatial distribution of broad habitat types and community assemblages 

has great value. However, in some cases, e.g. for rare, indicator, or species of conservation 

concern, there is a need for species-specific distribution maps. This is especially true when 

predicting species-specific response to environmental change and disturbance, or for species 

whose distribution may not be easily described through broad habitat types characterized by 

relatively few covariates (e.g. exposure, substrate).  

When species distributions cannot be directly mapped (i.e. through surveys), or mapped via 

remote sensing, predictive models may be used. SDMs statistically relate species occurrence 

data to environmental covariates (predictors) in order to predict distribution at un-surveyed sites 

(Guisan & Zimmermann, 2000). SDMs are increasingly being used as tools for conservation 

management (Guisan et al., 2013), although application to coastal environments has been more 

recent (e.g. Lindegarth et al., 2014) and less widespread. In BC, relatively few examples of 

coastal SDMs exist (e.g. Clarke Murray et al., 2014; Rickbeil et al., 2014). In Haida Gwaii, the 

need for species-specific distribution maps derived from predictive models remains 

unaddressed.  

3.3 Technical explanation of framework 

There are two major challenges associated with using ShoreZone attributes in coastal SDM: 

(1) the irregular and sometimes coarse resolution of ShoreZone units, which in Haida Gwaii vary 

in length from 10m to 13,000m; (2) that all ShoreZone attributes are categorical, which 

precludes certain statistical methods often used in SDM, decreases ability to model nonlinear 

species-response curves, and may in some cases lead to incorrect understanding of biological 

mechanism (Lindegarth & Gamfeldt, 2005). The first challenge was overcome by splitting 

ShoreZone units into ‘segments’ approximately 100m in length (hereafter referred to simply as 

‘segments’) using an automated script within ArcGIS 10.2 (ESRI, 2013). Units were split the 
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number of times required to make all segments as close to 100m in length as possible. For 

example, a unit 321m in length was split into 3 segments, each 107m in length. This allowed 

preservation of shoreline type classification accuracy (and original unit boundaries), whilst 

allowing for attributes from new data sources to be ‘joined’ to segments at higher and more 

regular resolution. This resulted in creation of 47,628 segments within Haida Gwaii from 10,896 

units. The second challenge was addressed by replacing categorical attributes with quantitative 

equivalents where possible: an ordinal biological exposure index (5 classes) was replaced with 

a quantitative wave exposure index (Chapter 4); an intertidal area index (IT50) was developed 

to provide a rough equivalent to the ordinal Slope attribute (3 classes). Note that since the 

ShoreZone system is used throughout British Columbia, this framework could apply to BC-wide 

coastal SDMs, although resolution of segments may need to be coarser to allow for reasonable 

processing speeds. 

Figure 3.1 presents a loosely coupled, vector-based coastal SDM framework that 

incorporates predictors from various sources within a single model unit. Although the majority of 

SDMs are raster-based, a vector-based approach was used to preserve resolution of 

ShoreZone shoreline type (i.e. coastal class) data. The ‘data model’ (Figure 3.1) consists of 

predictors and occurrence data compiled within a GIS and aggregated to each segment. In the 

‘statistical model’, a statistical algorithm, implemented within R (or other statistical software), is 

used to mathematically describe species-environment relationships; calibrate, evaluate and 

select models; and predict ‘probability of occurrence’ at each segment within the study area. 

Finally, a ‘predictive map’ is generated by ‘joining’ model predictions to shoreline vector data 

based on a common ID, within a GIS. Note that we do not elaborate further on general SDM 

methods, although various review articles (e.g. Guisan & Zimmermann, 2000; Elith & Leathwick, 

2009) and books (Franklin, 2010; Peterson et al., 2011) have been written on the subject. 

Within the ‘data model’, various tools were used to aggregate different data types to a single 

segment. Unless otherwise stated, these tools were implemented within ArcGIS 10.2 (ESRI, 

2013). Attributes associated with island polygons (e.g. island size, rat occurrence) were 

assigned to each segment using ‘spatial join’. Distance-related (e.g. distance to treeline) and 

buffer-related (e.g. intertidal area within 50m circular buffer) attributes were calculated at points 

spaced at 10m intervals along the shoreline. Each point was assigned an ID of the nearest 

segment using ‘spatial join’ and mean value for each segment was calculated using the plyr 

package in R (R Developement Core Team, 2015). Distance was calculated using the ‘near’ 

tool. Buffer-related attributes were calculated by ‘rasterizing’ the feature of interest (e.g. polygon 
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intertidal area), performing ‘focal statistics’ (e.g. calculate sum within 50m circular buffer), and 

using the ‘extract values to point’ tool to convert back to vector. Finally, occurrence or 

abundance data (point) were attached to the nearest ShoreZone segment using the ‘near’ tool, 

followed by ‘spatial join’. By using the ‘near’ tool first, the distance that each site was ‘moved’ 

was determined, thus allowing any obvious errors to be flagged. 

Figure 3.1. A framework for coastal SDM in Haida Gwaii. Within the ‘data model’, it is shown how various 
data types may be aggregated to a single model unit, i.e. segment.  
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CHAPTER 4: WAVE EXPOSURE AS PROXY FOR BLACK 

OYSTERCATCHER PREY ABUNDANCE 

 

4.1 Introduction 

Species Distribution Models (SDMs; Guisan & Zimmermann, 2000) are increasingly being 

used as tools in coastal conservation management (e.g. Lindegarth et al., 2014). The need for 

SDMs to predict distribution of Black Oystercatcher breeding pairs at a scale relevant to 

landscape-level management has been identified by leading researchers (Tessler et al., 2014; 

Weinstein et al., 2014). Southeastern Haida Gwaii, British Columbia, serves as a useful location 

for testing various aspects of a Black Oystercatcher SDM due to a rich set of occurrence data. 

Prior to model fitting, SDMs require identification and development of spatially explicit 

environmental covariates (predictors) of sufficient quality, coverage and resolution (i.e. within a 

GIS). We hypothesized that prey abundance is an important predictor of Black Oystercatcher 

breeding pair occurrence. However, given that prey abundance cannot feasibly be mapped 

directly, we sought to identify a suitable proxy (i.e. indirect) variable. 

Breeding Black Oystercatchers forage exclusively in the intertidal zone, which we define as 

the area between Lowest Normal Tide (i.e. chart datum) and the ‘marine limit’ (i.e. storm surge 

limit or log-debris line) (Harper et al., 1994). Prey remains collected around nests in Haida Gwaii 

indicate that limpets (Acmaea mitra, Diadora aspera, and Lottiadae spp), mussels (Mytilus 

spp.), and chitons (Katherina tunicate, Mopalia mucosa) constitute 61%, 24%, and 12%, of the 

diet, respectively (Bergman et al., 2013). Whilst limpets are most frequently eaten, mussels are 

likely to contribute more in terms of biomass (Hartwick, 1976; Falxa, 1992), and are an 

especially important component of chick diet (Hartwick, 1976). Given suitable substrate (i.e. to 

allow attachment of sessile or semi-sessile invertebrates), we hypothesized that wave exposure 

may serve as a proxy for abundance of key prey items (limpets, mussels, chitons) at a 

landscape scale. This hypothesis is supported by a general recognition of the central role of 

wave exposure in intertidal ecology (Raffaelli, 1996). 

The term ‘wave exposure’ is not strictly defined or measured and an ‘exposure index’ is 

likely to act as a proxy for several environmental processes (Denny 2006), including: sediment 

accumulation and turbidity (Airoldi & Cinelli, 1997; Bell & Barnes, 2000; Westerbom et al., 

2008); disturbance, including damage or dislodgement (Thomsen et al., 2004); water 
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temperature and oxygen availability (Harley & Helmuth 2003; Bekkby et al., 2008; Conley et al., 

2011; Kotta et al. 2013); settlement and transport of larvae (Bertness, 1992; Hunt & Scheibling, 

1996), transport of food (i.e. for filter feeders), and photosynthetic productivity (Hurd 2000). 

In Haida Gwaii, the most current estimates of wave exposure stem from the Biological 

Exposure Index (BioExp), which was created as part of the ShoreZone biophysical shoreline 

mapping system (ShoreZone; Howes et al., 1994). ShoreZone used 1:5,000 aerial video 

captured in 1991-992 to create 1:50,000 scale digital maps delineating shoreline ‘units’ of 

homogenous shoreline type (‘coastal class’) based on substrate and topography (Appendix A). 

Wave exposure was first estimated from manually calculated ‘modified effective fetch’ (summed 

fetch of 3 lines at 45° increments) and ‘maximum fetch’ at the midpoint of each shoreline unit. 

Validation of the exposure index was then completed using in situ biological data from mapped 

‘biobands’ (i.e. distribution of clearly visible species or species assemblages from aerial video) 

and 123 biological sampling stations, resulting in the BioExp index (Sloan & Bartier, 2006). 

In combination with physical ShoreZone attributes, the BioExp index has been used to 

classify broad habitat types (Zacharias et al., 1999; Hayes & Morris, 2002), ecological regions 

(Zacharias et al., 1998), and to describe patterns in regional biodiversity (Zacharias & Roff, 

2001a). However, the BioExp index is not ideal for use in SDM because it was calculated at 

irregular and often, low resolution (units in Haida Gwaii range in size from 1m to 13,000m). 

Moreover, BioExp is categorical, and thus: precludes certain statistical methods often used in 

SDM (i.e. regression-based methods); limits comparison across studies and regions (i.e. due to 

subjective classification); limits ability to model complex nonlinear response curves (Austin, 

2002). 

Recent technological advancements have made possible the generation of quantitative 

estimates of wave exposure at high resolution and broad scales. These indices are generally 

calculated using three methods: fetch-based models (e.g. Ekebom et al., 2003; Burrows et al., 

2008; Pepper & Puotinen, 2009b); direct measurement, e.g. of wave force or height using 

instruments such as force dynamometers (Bell & Denny, 1994)  or by measuring rates of plaster 

dissolution (e.g. Chollett & Mumby, 2012); and process-based models (e.g. Booij et al., 1999). 

For use in SDMs, which require exposure estimates over large geographic extents at high 

resolution (e.g. thousands of sites), cartographic fetch-based models (‘fetch models’) are the 

only feasible option due to extensive cost, computer processing power and/or input data 

required of the alternatives.  
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Quantitative fetch-based exposure indices (fetch indices) have been used in predictive 

models of intertidal biodiversity (Harborne et al., 2006), community structure (Burrows et al., 

2008), and occurrence or abundance of a number of coastal plants (Kelly et al., 2002; Hill et al., 

2010; Schubert et al., 2015) and animals (Rönkä et al., 2008; Santana Garcon et al., 2010; 

Chollett & Mumby, 2012; Vázquez-Luis et al., 2014; Kotta et al., 2015). Despite being less 

complex, indices derived from fetch-based models have performed well relative to process-

based models in prediction of species distributions (Hill et al., 2010) and in correlation to 

biologically validated indices (Sundblad et al., 2014). 

There were two broad objectives in this study. First, we aimed to: develop four fetch indices 

varying in complexity for all Haida Gwaii coastline at 10m resolution; and to correlate each index 

with BioExp at ShoreZone units. This was done to demonstrate potential of quantitative 

exposure indices to be used generally as predictors in coastal SDMs, i.e. as a replacement for 

BioExp. Second, we aimed to: test and compare fetch indices’ ability to predict abundance (and 

size) of Black Oystercatcher prey, given suitable substrate. We were particularly interested in 

modeling prey abundance in southeastern Haida Gwaii, which is the area of interest for a Black 

Oystercatcher breeding pair Species Distribution Model (SDM AOI; see Chapter 5).  

4.2. Methods 

4.2.1 Study area 

Haida Gwaii is an archipelago located approximately 100km west of the British Columbia 

mainland, Canada (Figure 4.1, Panel A). Black Oystercatcher prey abundance data were 

sampled at sites in Juan Perez Sound, within Gwaii Haanas National Park Reserve, National 

Marine Conservation Area Reserve and Haida Heritage Site (Gwaii Haanas; Figure 4.1, Panel 

C). This area lies within the broader Hecate Strait ecosection, which is characterized by shallow 

to photic water depth (over 20% 0-20m), high wave exposure, high subsurface relief, low current 

speeds, and a mixture of sand and hard bottom substrate (Zacharias et al., 1998). More 

specifically, the SDM AOI (shoreline highlighted in blue; Figure 4.1, Panel B) shoreline is 

primarily bedrock (38%) and mixed bedrock/sediment (26%; Howes et al., 1994). To the east of 

the study area is the Hecate Strait, which separates Haida Gwaii from the British Columbia 

mainland. To the west of the study area is a large mountainous landmass, Moresby island. 

Dominant wind directions recorded at Cumshewa rocks – the nearest weather station - are 

southeasterly, and to a lesser extent northwesterly. There is a small seasonal difference in wind 
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patterns, with lower mean wind speeds and higher frequency of northwesterly winds in summer 

(although southeasterly winds still dominate).  

Figure 4.1. Study area, intertidal survey sites. Panel A: location of study area relative to British Columbia 
mainland; Panel B: shoreline within SDM AOI (blue) and dotted line indicating the boundary of Gwaii 
Haanas; Panel C: Surveyed intertidal sites in northern Gwaii Haanas and Juan Perez Sound.  
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4.2.2 Biological data 

I surveyed a total of 50 sites from July 4th – July 24th 2015 (Figure 4.1; Appendix B); 31 sites 

were sampled on bedrock, 8 on mixed bedrock/sediment and 11 on other shore types including 

gravel and finer sediment (Table 4.1).  In order to capture the range of shoreline types and 

exposures within the SDM AOI, survey sites were located a priori using a random stratified 

sampling design. Strata were based on BioExp and ShoreZone ‘substrate type’, which was 

determined through reclassification of ‘coastal class’ into seven broad categories (Appendix A). 

Random selection of sites within strata was done using an automated tool in a GIS. Sites were 

located at least 500m away from one another to avoid spatial autocorrelation. Coordinates of 

sampled sites were recorded in the field following completion of a survey, and ShoreZone 

attributes (BioExp, coastal class) from the neatest shoreline unit were attached to each site post 

hoc using ‘spatial join’ tool in ArcGIS 10.2 (ESRI, 2013).  

Table 4.1. Expected and observed occurrence of species at ShoreZone ‘substrate types’. Proportion of 
shoreline classified as each substrate type is shown for the SDM AOI, as well as number of sites sampled 
on each shore type. 

     
Occurrence 

 

  ShoreZone   Limpet Mussel Chiton 

Coastal 

Class 

Substrate 

Type 
Description % Shoreline 

# 

Sites  
Exp. Obs. Exp. Obs. Exp. Obs. 

1-5 1 
Rock 

 
36.8 31 ✓ ✓ (31) ✓ ✓(31) ✓ ✓(26) 

6-20 2 
Mixed 

Rock/Sediment 
25.5 8 ✓ ✓ (7) ✓ ✓(3) ✓ ✓(6) 

21-23 3 
Gravel 

 
8.2 2 ✓ ✓(1)   ✓ ✓(1) 

24-26 4 Sand and Gravel 19.2 3       

27-30 5 
Sand/Mud 

 
1.5 4  ✓(1)     

31 6 Organics/Fines 6.5 2       

32,33 7 
Man-Made 

 
0.03 0       

Total:   98.4 50 41 40 39 34 41 33 

Coastal Class: ShoreZone coastal class; Substrate Type: ShoreZone coastal class reclassified into broad substrate 
types; Description: description of substrate type, % Shoreline: percent of shoreline classified as ShoreZone substrate 
type within the SDM AOI; # Sites: number of Sites sampled for prey abundance at each substrate type; Limpet: all 
sampled limpet species pooled (Acmaea mitra, Diadora aspera, and Lottiadae spp); Mussel: all sampled mussel 
species pooled (Mytilus spp.); Chiton: all sampled chiton species pooled (Katharina tunicata, Tonicella lineata, and 
Mopalia spp.); Exp.: expected occurrence a priori; Obs.: Observed occurrence (number of sampled sites that species 
group was present). Note that % Shoreline does not sum to 100 because 1.6% of shoreline was unclassified. 
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Bedrock sites were sampled more frequently because these shoreline types were expected 

to have prey items present more often. All other substrate types were sampled at least once to 

assess substrate suitability for species occurrence (Table 4.1). Despite fewer sites sampled at 

very high exposures (Table 4.2), due to difficulty of access, we were satisfied that sampled sites 

adequately covered the exposure gradient; only 0.007% of segments (n=111) in the study area 

had Sum10 values higher than the maximum sampled. Due to logistical constraints (cost, time) 

only a small area within the SDM AOI was sampled (Figure 4.1) and thus geographic coverage 

was poor. 

Table 4.2. Range and mean of fetch indices at sampled sites and study area. Values shown are original 
values/10,000 to improve readability. 

 Sampled sites Study Area 

 Range Mean Range Mean 

Sum10 1 - 290 64 0 – 546 37 

Sum45 0 - 61 14 0 – 115 9 

Wind 65 – 35,175 3,203 0 – 79,095 2,754 

Max 0 – 65 22 0 – 65 14 

Sampled sites: 50 intertidal sites sampled in Gwaii Haanas. Study area: All shoreline within the SDM AOI.  

 

The survey methodology used was identical to Gruman et al. (2013), although fewer species 

were sampled. At each site, two 30m transects were laid out parallel to the shoreline in the mid-

upper intertidal zone and mid-lower intertidal zone. Zones were identified in the field using 

known biological indicators (Sloan & Bartier, 2006, Appendix B). Generally, the mid-upper 

transect corresponded with the fucus/mussel bed foraging zone and mid-lower transect 

corresponded with the laminaria foraging zone described by Groves (1982) and Hartwick 

(1976). Surveys were completed at extreme low tide (predicted tidal level <1m). Ten 25cm2 

quadrats were placed randomly along each transect and within each quadrat, all limpets and 

chitons >/=5mm were counted and length of each individual was measured to the nearest mm. 

Percent cover and size class of mussels were recorded.  Within each quadrat, algae were 

removed to reveal prey items beneath. This was justified because these are accessible to 

probing beaks of Black Oystercatchers (Falxa, 1992). On mussel beds, we only counted limpets 

and chitons that were visible (i.e. not within the mussel bed) because we aimed to minimize 

disturbance and we assumed that these would be most accessible to foraging Black 

Oystercatchers (Falxa, 1992). 
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Prior to statistical analysis, individuals identified as Katharina tunicata, Tonicella lineata, and 

Mopalia spp. were grouped as ‘chitons’; Acmaea mitra, Diadora aspera, and Lottiadae spp. 

were grouped as ‘limpets’; and all Mytillus spp. were grouped as ‘mussels’. Hereafter, we refer 

to these species groups simply as ‘species’. Mussel abundance at each site was estimated as 

% cover averaged across all quadrats. Limpet and chiton abundance at each site were 

estimated by summing all counted individuals across quadrats. Mean size (mm) of all recorded 

limpet and chiton individuals were calculated for each site.  

4.2.3 Fetch models 

We used a vector-based approach (not raster, as in Isaeus, 2004;Finlayson 2005; Burrows 

et al., 2008) to calculate fetch-based exposure to preserve high resolution of coastline data and 

to facilitate integration with the ShoreZone system.  

Four different models were used to generate fetch indices (Figure 4.2): (1) maximum fetch 

(Max), (2) summed fetch at 45° increments (Sum45), (3) summed fetch at 10° increments 

(Sum10) and (4) wind-altered fetch (Wind; see below). Although it is possible to alter fetch 

estimates according to bathymetry (Malhotra & Fonseca, 2007) these models are currently not 

able to process thousands of points in a reasonable amount of time (Amit Malhotra, personal 

communication, October 25, 2015). For all methods, fetch was calculated using the java 

program ‘vector_fetch’, developed by Murtojarvi (2007). The program requires input sites and 

non-intersecting polygon coastline data in .txt format and allows the user to define the number 

of fetch lines to be generated from each site. For all methods, maximum fetch distance was set 

at 650km, which is the distance that ‘fully-developed seas’ occur given gale-force winds 

(Harborne et al., 2006). 

Sum10, Sum45 and Max indices are essentially measures of ‘openness’ (e.g. Hill 2010), in 

decreasing order of complexity. The method used to calculate Max was based on the 

ShoreZone ‘maximum fetch’ calculations (Howes et al., 1994). Fetch was calculated at 5° angle 

increments (72 lines) and maximum fetch was determined by selecting the largest distance for 

each site.  Methods for calculating the Sum45 index were based on ShoreZone ‘modified 

effective fetch’ calculations (Howes et al., 1994). For the Sum10 index, a 10° angle increment 

was chosen to match the resolution at which wind direction and speed is recorded at nearby 

weather stations.  
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The Wind index accounted for the effect of nearby wind conditions on wave height and 

force. Given two sites with equal ‘openness’, wave exposure experienced by organisms 

inhabiting the shoreline may be greater at the site that is more often exposed to high winds. 

Historical climate data were sourced from Environment Canada. Hourly wind speed and 

direction data recorded in 10° increments were collected for the years 2005-2015 (excluding 

2008, 2009 and 2012 due to long stretches of time with missing data). Cumshewa and Cape St. 

James weather stations were located just outside the northern and southern boundaries of the 

study area, respectively. Wind regimes differed between the two stations, with much more 

frequent westerly winds at the Cape St. James station. Conditions experienced at Cumshewa 

were assumed to be more representative of the study area; whereas Cape St. James station is 

exposed to the west coast, Cumshewa station is located east of a large landmass (Moresby 

Island), similar to the study area. Separate wind indices were also calculated based on seasonal 

average conditions (winter and summer) and daily average conditions (morning and night). All of 

these indices were highly correlated (Pearson’s correlation coefficient>0.98) and therefore only 

the index aggregating all wind data, regardless of season or time, was used. 

The wind index was created by weighting the distance of each fetch line generated in the 

Sum10 index by mean wind speed and percent frequency, in the ith degree (36 directions total): 

WE=         mean wind speed10i° * % frequency10i° * fetch10 

4.2.4 Substrate suitability 

The determination of substrate suitability prior to fitting GLM models was necessary to avoid 

problems of zero-inflation (i.e. many sites with species absent) and because initial use of 

dummy variables (reclassification of shoreline types into 2 broad classes), led to predicted 

abundance >0 on sites known to be unsuitable. Issues associated with zero-inflation in 

regression modeling have been addressed elsewhere (Cunningham & Lindenmyer, 2005; Potts 

& Elith, 2006).  

Suitability of substrate for the species of interest is well established. Generally, mussels 

require immobile bedrock substrate for attachment, free of sediment. Semi-sessile invertebrates 

may occur on gravel or cobble under low exposure conditions, i.e. if substrate mobility is low. 

Each sampled site was assigned the ‘substrate type’ (Appendix A) of the nearest ShoreZone 

unit using ‘spatial join’ in ArcGIS 10.2 (ESRI, 2013). To test substrate suitability for each species 

we simply compared expected occurrence, which was determined a priori from reviewed 
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literature, to observed occurrence from sampled sites. If occurrence was observed but not 

expected, or vice versa, we sought explanation from the literature and modified our substrate 

suitability table (Table 4.1) accordingly. Due to logistical constraints, some substrate types were 

only sampled once or twice. Thus, we assume that these samples are representative of all 

shoreline of that substrate type throughout the SDM AOI. 

Figure 4.2. Methods for calculating fetch indices. Sum10: summed fetch at 10° angle increments; Sum45: 
summed fetch at 45° angle increments; Wind: summed fetch at 10° angle increments weighted according 
to nearby wind conditions from 2005-2015; Max: maximum fetch from fetch calculated at radial lines of 5° 
angle increment; 10m points: exposure is calculated at points spaced at 10m intervals along the shoreline 
and aggregated to each shoreline segment; Unit midpoint: exposure is calculated at midpoint of 
ShoreZone ‘units’.  
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4.2.5 Statistical analyses 

All statistical analyses were performed in R (R Development Core Team, 2015). Spearman’s 

rank correlation coefficients (rho) were used to test association amongst quantitative exposure 

indices and BioExp. We tested whether mean abundance and size differed significantly across 

transects using non-parametric Wilcoxon Sum-Rank tests, where p-value <0.05 indicated 

statistical significance.  

We modeled species abundance and size as a function of wave exposure within a 

Generalized Linear Model (GLM) framework (McCullagh & Nelder, 1989). In a GLM, the 

response variable is assumed to follow a probability distribution (i.e. mean-variance relationship) 

and an appropriate function that links the response to the predictors (i.e. link function) is 

identified. Model parameters are estimated using Maximum Likelihood, which is an iteratively 

weighted least squares algorithm. Sample size varied for different response variables: in 

abundance models, we only included sites deemed to have suitable substrate for each species; 

in size models, we only included sites that had at least one sampled individual. 

We modeled limpet and chiton abundance (total count/site) using a GLM with negative 

binomial distribution and log link, implemented within the MASS package (Venables & Ripley, 

2002). Although count data are generally assumed to be Poisson distributed, our data were 

highly overdispersed. For both limpet and chiton abundance, negative binomial distribution 

models were deemed to be more ‘valid’ according to residual diagnostic plots and tests (Zuur et 

al., 2009). Limpet and chiton mean size/site were modeled using a GLM with Gaussian 

distribution and identity link. We modeled mussel abundance (percent cover), which were 

bounded at 0 and 1, using a GLM with binomial distribution and logit link. Gaussian and 

Binomial GLMs were implemented within the stats package. 

First and second order polynomial forms of each index and an intercept-only null model 

were considered. Thus, a total of nine candidate models were built for each response.  Second 

order polynomial terms were considered in case a species occupied a niche along a wave 

exposure gradient (Austin, 2002). We conducted model selection by comparing Akaike 

Information Criterion score corrected for small sample size (AICC); the  ‘best’ model minimized 

AICC (Burnham & Anderson, 2002). AICC is preferred over uncorrected AIC when n/k <40 

(Burnham & Anderson, 2002). Delta AICC (Δ AICC) was calculated for each model by 

subtracting the lowest AICC from each candidate model AICC. Any model with Δ AICC <2 was 

considered to be supported along with the ‘best’ model. Models with Δ AICC >2 but <10 were 
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considered to have moderate support and Δ AICC >10 indicated no support for the model. In 

general, use of AIC for model selection is preferred (e.g. McGill, 2003) because it favors model 

parsimony by penalizing models with more parameters (k). Over parameterization leads to 

model overfitting, which reduces generality (i.e. predictive performance on data not used in 

model training) and is unlikely to represent the ‘true’ model. 

Comparison of AICC was the primary means by which we selected the ‘best’ model. 

However, AICC is a relative measure of performance, i.e. within a group of models with the 

same response, and is not useful for indicating absolute measure of ‘goodness of fit’ or 

predictive ability. We used several other metrics in combination to evaluate different aspects of 

model performance and arrive at the ‘best’ model (Zuur et al., 2009). We calculated percent 

deviance explained (% DE) as an absolute measure of ‘goodness of fit’. We assessed predictive 

ability, i.e. concordance of observed and predicted values, by comparing Root Mean Squared 

Error normalized to the range of each response (NRMSE), as recommended in Potts & Elith 

(2006).  

Given that it was not possible to test model predictive ability on independent data (Araújo & 

Guisan, 2006) due to small sample size, we simulated independent evaluation through internal 

resampling; specifically, 10-fold cross-validation (CV) with 20 replicates (Hastie, Tibshirani, & 

Friedman, 2001). Of the so-called resampling methods, replicated cross-validation with at least 

200 resampled models (i.e. 10 folds x 20 replicates) performs as well as bootstrapping 

procedures and better than other cross-validation techniques (i.e. non-replicated CV, ‘leave-

one-out’ CV) for small sample sizes (Smith, Seaman, Wood, Royston, & White, 2014). The 

resampling procedure provided a correction (NRMSECOR) of apparent prediction error 

(NRMSEAPP). The magnitude of difference between apparent and corrected prediction error was 

used to indicate model overfitting (NRMSEDIFF).  

4.3 Results  

4.3.1 Fetch indices 

Fetch indices calculated at 10m resolution for all Haida Gwaii coastline were moderately to 

highly correlated (rho > 0.7; Table 4.3). The Wind and Sum10 index were most correlated (rho = 

0.95). The two least complex models (Sum45 and Max) were least correlated (rho = 0.73).  
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The Sum10 index was most correlated with BioExp (rho =0.83), although the Wind and Max 

indices were also highly correlated (rho=0.82 and rho=0.80, respectively; Table 4.4). Indices 

calculated at 10m resolution and averaged across each unit had much higher correlation with 

BioExp than indices calculated at the midpoint of each unit. 

Table 4.3. Pairwise Spearman’s rank correlation coefficients (rho) amongst fetch indices calculated at 

10m points for all Haida Gwaii coastline. 

 Sum10 Sum45 Wind 

Sum45 0.85 
  

Wind 0.95 0.80  

Max 0.92 0.73 0.89 

Table 4.4. Pairwise Spearman’s rank correlation coefficients (rho) for each fetch index and BioExp 
calculated at 10m resolution averaged across each unit (Unit mean) and at ShoreZone unit midpoints 
(Unit midpoint) for all Haida Gwaii coastline. 

  Sum10 Sum45 Wind Max 

Unit mean BioExp 0.83 0.77 0.82 0.80 

Unit midpoint BioExp 0.57 0.40 0.56 0.60 

 

4.3.2 Intertidal surveys 

In total, 5198 individual limpets and 1754 chitons were counted, measured and mussel % 

cover was estimated in 1000 quadrats, over 50 sites at mid-upper and mid-lower intertidal zone 

transects. Mean mussel percent cover per site ranged from 0 to 37% (mean=4.8%), total limpet 

(size>4mm) counts per site ranged from 0-321 (mean=50), and total chiton counts per site 

ranged from 0-49 (mean=8.9). Mean limpet size per site ranged from 5mm to 15mm (mean = 

10mm) and mean chiton size per site ranged from 6mm to 54mm (mean =23mm). Limpets and 

mussels were significantly more abundant at upper transects (Wilcoxon p-value=0.0.00 for 

both). Chitons were significantly more abundant at lower transects. Limpets were significantly 

larger at lower transects. There was no difference in chiton size between transects (Table 4.5). 

Limpets were the most ubiquitous species group, occurring in 40 of 50 surveyed sites. 

Mussels and chitons both occurred in only 33 of 50 sites surveyed, although they did not always 

occur at the same sites. Observed substrate suitability (i.e. for occurrence) closely matched 

what was expected a priori (Table 4.1). Mussels only occurred at bedrock or mixed 

bedrock/sediment sites (substrate type 1 and 2). Limpets and chitons occurred on a wider range 

of substrate types, including bedrock, mixed bedrock/sediment and gravel sites (substrate type 
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1-3), but did not occur on mixed sand/gravel shore types or on finer sediment substrate types 

(substrate types 4-7). We did not expect limpets to occur on ‘mudflat’ shore type, as observed. 

However, mudflats are very rare within the SDM AOI (0.3% of shoreline) and we therefore did 

not expect this to affect interpretation of results. 

Table 4.5. Descriptive statistics for upper, lower and combined intertidal survey transects. Abundance and 
mean size (mm) of each species were aggregated by site prior to analyses. Wilcoxon Sum Rank and 
Wilcoxon Signed Rank tests were used to test whether differences in means between transects were 
statistically significant (Wilcoxon p-values < 0.05) 

    
        Transect 

   
All  Upper Lower 

Wilcoxon  

p-value 

Mussel % Cover Mean 4.8 7.9 0.1 0.000 

  
Range 0-37.1 0-62.5 0-1.5 

 

  
n 50 50 50 

 
Limpet Count Mean 50 34 17 0.001 

  
Range 0-321 0-295 0-224 

 

  
n 50 50 50 

 

 

Mean Size 

(mm) 
Mean 9.9 8.3 10.4 0.018 

  
Range 

5.4-

14.5 

5.4-

14.9 
5-20 

 

  
n 40 40 33 

 
Chiton Count Mean 8.9 0.7 8.2 0.000 

  
Range 0-49 0-8 0-44 

 

  
n 50 50 50 

 

 

Mean Size 

(mm) 
Mean 23.4 18.3 24.3 0.149 

  
Range 

6.2-

54.3 
5-40 6.2-63.3 

 

  
n 33 14 32 

 
Limpet: all sampled limpet species pooled (Acmaea mitra, Diadora aspera, and Lottiadae spp);  Mussel: all sampled 
mussel species pooled (Mytilus spp.); Chiton: all sampled chiton species pooled (Katharina tunicata, Tonicella 
lineata, and Mopalia spp.); Upper: mid-upper intertidal zone transect; Lower: mid-lower intertidal zone transect; All 
both transects combined. 
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4.3.3 Abundance models 

Mussels and limpets were clearly more abundant as wave exposure increased, with a 

decrease in the rate of increase at higher exposures. All indices were able to capture this basic 

relationship, although the Wind index modeled a larger decrease in abundance at higher wave 

exposure (Figure 4.3).  There was no clear relationship between chiton abundance and 

exposure. Limpets were larger at the most protected sites only and chiton size generally 

increased with exposure. 

For all response variables, the Sum10 index with second order polynomial term was the 

‘best’ model according to all evaluation metrics (%DE, AICC, NRMSEAPP; Table 4.6).  The Sum10 

index (2nd order polynomial) explained a relatively high proportion of deviance in limpet and 

mussel abundance models (60%DE and 71%DE, respectively) and chiton size model (49% DE). 

For limpet and mussel abundance the ‘best ‘ model was clearly supported; the next best model 

had >10 Δ AICC. For chiton abundance both the Sum10 index (2nd order polynomial) and Max 

index (2nd order polynomial) were supported (Δ AICC <2) and the Sum45 and Wind indices 

performed no better than the null model according to AICc. Both the Sum10 and Sum45 indices 

were supported for chiton size (Δ AICC <2). For limpet size, all of the models including the null 

model were supported (Δ AICC <3.2; Table 4.6). 

The Wind index was generally most prone to overfitting (NRMSEDIFF). The ‘best’ models 

(Sum10, 2nd order polynomial) did not show high model overfitting (NRMSEDIFF </=0.02), except 

in the case of chiton abundance (NRMSEDIFF =0.06; Table 4.6). 
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Table 4.6. Evaluation statistics of candidate models for each response variable. Only the best model for each index is shown here (i.e. either 
quadratic or linear). Models are shown in descending order of ‘goodness’ according to Δ AICC. ‘Best’ models for each response are in bold. For 
performance of the full set of candidate models see Appendix C.  

  
Abundance 

 
Size 

 

Group n Model Δ AICC  % DE NRMSEAPP NRMSEDIFF n Model Δ AICC  % DE NRMSEAPP NRMSEDIFF 

Limpet 41 Sum10 + Sum102 0.0 59.7 0.13 0.02 39 Sum10 + Sum102 0.0 18.6 0.27 0.02 

  Sum45 10.8 45.5 0.13 0.01  Max 1.0 11.1 0.28 0.01 

  Wind + Wind2 15.2 43.0 0.19 0.10  Wind + Wind2 2.1 14.1 0.28 0.02 

  Max + Max2 21.4 34.6 0.19 0.02  Sum45 2.2 8.2 0.29 0.01 

  Null 36.7 0.0 0.22 0.00  Null 3.2 0.0 0.30 0.01 

       
    

  

Chiton 41 Sum10 + Sum102 0.0 21.6 0.22 0.02 33 Sum10 + Sum102 0.0 49.0 0.18 0.06 

  Max + Max2 0.1 21.4 0.22 0.02  Sum45 + Sum452 1.7 46.3 0.19 0.01 

  Null 6.6 0.0 0.26 0.00  Max 9.7 25.9 0.22 0.01 

  Sum45 7.0 4.0 0.25 0.01  Wind 12.5 19.5 0.23 0.04 

  Wind 8.7 0.5 0.25 0.5 
 

Null 17.2 0.0 0.26 0.00 

        
   

  

Mussel 39 Sum10 + Sum102 0.0 71.0 0.16 0.02  
   

  

  Sum45 + Sum452 1564.6 60.8 0.20 0.03  
   

  

  Wind + Wind2 2092.3 57.3 0.18 0.03  
   

  

  Max + Max2 5054.9 38.0 0.24 0.02 
    

  

  Null 10878.9 0.0 0.30 0.01  
   

  

Group: species group; Model: predictors in model including any polynomial terms; %DE: percent deviance explained; Δ AICC: Delta Akaike Information Criterion 
corrected for small sample size; NRMSEAPP: apparent Root Mean Squared Error (i.e. on training data) normalized to range of response; NRMSEDIFF: NRMSEAPP 
subtracted from normalized Corrected Root Mean Square Error (i.e. from 10-fold cross-validation with 20 replicates), which indicates model overfitting. 
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 Fig. 4.3. Upper panel shows abundance of each species group regressed against each fetch index at sites deemed suitable for occurrence. 
Lower panel shows limpet and chiton mean size (mm) at sites where present, regressed against each fetch index. Fitted lines were generated 
from predicted values of the ‘best’ model (lowest AICC) for each index.  %DE and Δ AICC of each model are shown in bar plots (far-right panels). 
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4.4 Discussion 

4.4.1 Quantitative fetch indices for Haida Gwaii 

Wave exposure is likely to be an important predictor of distribution (occurrence, abundance) 

for most coastal species. Since categorical indices are not ideal for predictive modeling 

(Lindegarth & Gamfeldt, 2005), development of quantitative exposure indices, we argue, is a 

necessary step toward improving predictive coastal SDMs in the region. 

We demonstrate that fetch-based quantitative wave exposure estimates can be generated 

at high resolution and over broad extents within a GIS. Processing time required for the 

Vector_fetch java-based program to calculate fetch at ~470,000 sites (all Haida Gwaii coastline 

at 10m intervals) was under a minute. This was degrees of magnitude faster than other fetch 

modeling algorithms, which may take hours to process <100 sites (personal observation). In R, 

processing time required to alter fetch lines by wind conditions was also very small (<10 

seconds).  

As we have demonstrated, these estimates can be integrated (i.e. as attributes associated 

with shoreline ‘units’) within ShoreZone, and thus may be generally useful as predictors in 

SDMs for a number of coastal species. Fetch calculations used to develop the current BioExp 

estimates were equivalent to our Sum45 and Max indices and were manually calculated at unit 

midpoints. Thus, our Sum10 index improves on the BioExp index in two key ways: (1) greater 

number of radial lines that fetch was calculated at; (2) greater number of sites along the 

shoreline. Moreover, we do not convert quantitative estimates to ordinal estimates. 

Some evidence for the utility of quantitative over ordinal estimates of exposure was 

presented in this study. For species abundance, all ‘best’ models were nonlinear (second order 

polynomial), with decrease in the rate of increase in abundance at higher exposures. ‘Binning’ of 

continuous exposure estimates into categories, with potentially subjective and arbitrary bin 

sizes, may have simplified or failed to capture this relationship. Moreover, we demonstrate that 

large limpets (and variability in limpet size, generally) only occurred at the most protected sites; 

an ordinal index would not capture the precise point at which exposure is too high to support 

large limpets. These results support (Lindegarth & Gamfeldt, 2005) findings that use of ordinal 

indices may lead to incorrect conclusions about biological hypotheses. 
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4.4.2 Abundance and morphology across a wave exposure gradient 

This study generally found that at sites of suitable substrate within the study area, mussels 

and limpets are more abundant at higher exposures. This finding is supported by the literature 

(Thompson, 1979; Jenkins & Hartnoll, 2001; Westerbom et al., 2008; Christofoletti et al., 2010). 

Our finding that limpets tend to be smaller at more exposed sites has also been reported 

previously (Thompson, 1979). We hypothesize that this is caused by an absence of Black 

Oystercatchers at less exposed sites due to absence of suitable forage habitat. Black 

Oystercatchers are known to exert top-down influence on limpet morphology (Frank, 1982). 

Finally, our finding that chitons are larger at higher exposures may be explained by the way that 

we grouped species together. Different species, which vary in mean size, may have different 

distributions. For example, Katharina tunicata were generally much larger than other chiton 

species.  

4.4.3 Comparison of indices 

The Sum10 index appeared to most accurately represent ‘true’ wave conditions, as it had 

highest correlation with a validated biological exposure index (BioExp) and performed best (2nd 

order polynomial) for all response variables, considering all performance metrics. The more 

complex Wind model, which weighted fetch distance according to nearby wind conditions, did 

not perform well. These results are supported by Hill et al. (2010). In our study, failure of the 

Wind index to perform well may have been caused by presence of two outliers, which caused 

unrealistic response curves for species abundance (i.e. steep incline and decline in abundance 

at moderate to high exposures). We decided not to transform the Wind index or remove outliers 

so as not to ‘massage’ the data without also treating other indices. Alternatively, average wind 

conditions recorded at Cumshewa weather station may not accurately reflect conditions 

throughout the study area. 

In general the ‘best’ models were able to explain a high percent of deviance in limpet and 

mussel abundance at sites of suitable substrate (60%DE and 71%DE, respectively), providing 

support for the use of quantitative fetch-based indices as proxy for Black Oystercatcher prey 

abundance. By comparison, the best model for predicting distribution and abundance of several 

algal species from a wave exposure index in Hill et al. (2010) explained 36% of deviance. 
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4.4.4 Abundance vs. availability and preference 

Whilst we show clear relationship between exposure and prey abundance, we were unable 

to account for prey availability in the models. For example, mussels are only available to 

foraging Black Oystercatchers when gaping, which is expected to occur more often at higher 

exposures due to ‘wetting’ (Falxa, 1992). Further, prey is expected to be less available at very 

exposed sites, as Black Oystercatchers avoid risk of injury from pounding waves (Falxa, 1992). 

Foraging Black Oystercatchers are also unable to forage on vertical surfaces (Lindberg et al., 

1998). Thus, rugosity, which was not accounted for in our models, may affect prey availability.  

We assumed that all limpets greater than 5mm, and all mussels, counted as available prey. 

However, Black Oystercatchers may be more selective of prey size than is accounted for in our 

models. For example, Black Oystercatchers do not forage on mussels >70mm (Falxa, 1992), 

although mussels of this size were generally rare at sampled sites. Moreover, prey remains 

surveys indicate that Black Oystercatchers forage on prey items that are larger than the mean 

available and tend not to forage on prey items of the smallest size counted in this study (LBCS, 

unpublished data). However, we feel that inclusion of smaller prey items in our models was 

justified as Black Oystercatchers have been observed feeding on smaller items directly in the 

intertidal area (Hartwick, 1976).  

4.5 Conclusion 

The major contributions of this study are twofold: (1) we developed quantitative fetch indices 

for all Haida Gwaii coastline and integrated them within ShoreZone units; (2) we demonstrate 

that a quantitative fetch index may be reasonably used as a proxy for prey abundance within 

southeastern Haida Gwaii and that this relationship is nonlinear. 

Results indicate that, at sites of suitable substrate, the Sum10 best explains patterns of prey 

abundance, and altering this simple fetch-based index by nearby wind conditions did not 

improve performance.  The Sum10 index also most closely matched a biologically validated 

ordinal exposure index, BioExp. We demonstrate that quantitative exposure estimates are 

preferred over ordinal estimates for SDMs because they are better able to model nonlinear 

response-curves. Thus, these estimates may be generally useful for coastal predictive modeling 

in Haida Gwaii.  
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CHAPTER 5: PREDICTION OF BLACK OYSTERCATCHER BREEDING 

PAIR OCCURRENCE IN HAIDA GWAII, BRITISH COLUMBIA 

 

5.1 Introduction 

The Black Oystercatcher (Haemotopus bachmani) is a long-lived shorebird whose range 

extends along the western coast of North America from Baja California, Mexico, to the Aleutian 

Islands, Alaska. Interest in Black Oystercatcher conservation is twofold. First, it is a ‘species of 

concern’ in conservation plans throughout its range (summarized in Tessler et al., 2010) and 

listed as ‘climate endangered’ by the Audubon Society. Concern stems from relatively restricted 

habitat requirements, small population size (8,300 - 12,500; Andres et al., 2012), particular 

vulnerability to coastal environmental threats (e.g. oil spill, introduced predators, human 

disturbance, ocean acidification) (Sloan & Bartier, 2006) and a projected loss of breeding range 

(31% by 2080) under climate change scenarios (Schuetz & Langham, 2013; Langham et al., 

2015). Second, as an intertidal obligate and keystone predator, the Black Oystercatcher is a 

useful indicator of overall intertidal ecosystem health (Sloan & Bartier, 2006; Carlson-bremer et 

al., 2010) and may be a sentinel for the recovery of the endangered Northern Abalone 

(Bergman et al., 2013), which is a flagship species for coastal conservation in Haida Gwaii 

(Sloan, 2004; Brown et al., 2011). 

Due to a lack of systematic range-wide survey efforts and the generally vast and isolated 

nature of much of the coastline that it inhabits, the distribution and health of breeding Black 

Oystercatchers is poorly known (Tessler et al., 2014). In reviews of the conservation status of 

the Black Oystercatcher in California (Weinstein et al., 2014) and throughout its range (Tessler 

et al., 2014), authors identified the need to improve and develop breeding distribution models 

(“geospatial habitat models”, “geospatial description of good-to-optimal breeding habitat”) as a 

basis for predicting vulnerability to climate change impacts, identifying important areas for 

conservation activities (i.e. monitoring or protection) and improving estimates of population size 

and conservation status. Although terminology differs across studies, we refer to these broadly 

as Species Distribution Models (SDMs). 

SDMs – which statistically relate species occurrence data to environmental covariates 

(predictors) to predict distribution (Guisan & Zimmermann, 2000) - are increasingly being used 

as tools for conservation management in coastal environments (Lindegarth et al., 2014).  To 
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date, no SDM has been developed for distribution of Black Oystercatcher breeding pairs at a 

landscape scale.  

A number of studies have compared habitat features measured in situ at known breeding 

sites vs. random sites (e.g. Vermeer et al., 1992), or have investigated the relationship between 

reproductive success and habitat quality (e.g. Hazlitt & Butler, 2001). However, lack of 

environmental data covering un-sampled shoreline in these studies precludes prediction. 

Mcfarland (2010) compared remotely sensed habitat features at known breeding sites vs. 

random sites in Alaska, but did not generate predictions at un-surveyed shoreline. In California 

(Weinstein et al., 2014) and Alaska (Poe & Andres, 1999), mean breeding density at different 

shoreline types was calculated to estimate population size and identify suitable habitat within a 

GIS, respectively. British Columbia Marine Conservation Analysis collated and mapped 

observed breeding pairs from various historical and current surveys at a regional scale, but 

these maps do not provide information at un-surveyed shoreline (BCMCA, 2011). Finally, 

Probability of Observation models developed by the Breeding Bird Atlas of British Columbia 

predict breeding Black Oystercatcher distribution from a set of distal predictors (latitude, 

longitude, aspect, elevation, slope) across BC at 10km resolution – a scale generally not useful 

for landscape-level conservation management (Richmond et al. 2015).  

In this study, we present a SDM for predicting Black Oystercatcher breeding pair occurrence 

at a landscape scale (i.e.10-200km extent, 100m resolution; Wisz et al., 2013) in southeastern 

Haida Gwaii, British Columbia. Haida Gwaii, and British Columbia more broadly, are thought to 

hold approximately 10% and 30% of the global breeding population, respectively (Harfensit et 

al., 2002). The study area serves as a useful location to test various aspects of model 

performance due to availability of a rich set of occurrence and environmental data. We 

developed a loosely coupled, vector-based modeling approach that integrates ShoreZone 

attributes and other GIS data sets (Chapter 3). The model unit size (‘segments’ of approximately 

100m in length) was designed to approximate mean territory size (Nysewander, 1977; Hazlitt, 

2001). 

Prior to model fitting, we developed a conceptual model for breeding pair occurrence based 

on a review of relevant literature on breeding biology and habitat; feedback was received from 

several experts and local practitioners (Chapter 2). This informed our predictor selection, model 

interpretation and understanding of limitations. In general we expect that important exogenous 

factors influencing breeding pair occurrence are either directly or indirectly (1) prey-related, or 
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(2) related to reproductive failure or mortality. Endogenous and observer processes influencing 

observed occurrence are discussed, although not modeled explicitly. 

The main objectives of this study are to: (1) test the use of several GIS-derived and remotely 

sensed predictors to predict breeding pair occurrence at a landscape scale; (2) interpret 

species-response curves and relative influence of predictors; (3) evaluate performance 

(discrimination) and transferability of several models varying in complexity, (4) predict 

distribution at un-surveyed shoreline in southeastern Haida Gwaii.  

5.2 Methods 

5.2.1 Study area 

Distribution of Black Oystercatcher breeding pairs was predicted on 1,423km of shoreline in 

southeastern Haida Gwaii, an archipelago located approximately 100km west of the British 

Columbia mainland (Figure 5.1). Most shoreline lay within Gwaii Haanas National Park Reserve, 

National Marine Conservation Area Reserve and Haida Heritage Site (Gwaii Haanas) or K’uuna 

Gwaay Conservancy and Haida Heritage Site (K’uuna Gwaay; also known as Laskeek Bay). 

The study area was confined to the Hecate Strait ecosection (Zacharias et al., 1998), as far 

north as Cumshewa Inlet. These boundaries were chosen to avoid extrapolation into un-

sampled geographic and environmental space; most notably, higher wave exposures and 

different oceanographic and climatic conditions west of the study area and increasing human 

disturbance north of the study area. The Hecate Strait ecosection is characterized by shallow to 

photic water depth (over 20% 0-20m), high wave exposure, high subsurface relief, low current 

speeds, and a mixture of sand and hard bottom substrate (Zacharias et al., 1998). Within the 

study area, the shoreline is primarily bedrock (38%) and mixed bedrock/sediment (26%; Howes 

et al., 1994). Of 846 islands in the study area, 80% are less than 10,000m2 (1 hectare), 32% are 

less than 1,000m2 and 28% are forested. Dominant wind directions recorded at Cumshewa 

Rocks – the nearest weather station - are southeasterly, and to a lesser extent northwesterly. 
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Figure 5.1. Study Area. Shoreline surveyed in 2010 is shown in red (Laskeek Bay and Juan Perez); 
shoreline surveyed in 2005 is shown in blue (Gwaii Haanas, south of Juan Perez); and un-surveyed 
shoreline over which breeding pair occurrence was predicted is shown in black. Inset shows study area in 
relation to Haida Gwaii and British Columbia mainland. 
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5.2.2 Occurrence data 

Occurrence data were compiled from two available surveys completed June 22nd-29th, 2005 

and June 6th-10th, 2010, by Canadian Wildlife Service (CWS) and Laskeek Bay Conservation 

Society (LBCS), respectively (Figure 5.1; coordinates listed in Appendix G). Approximately 20% 

of shoreline was surveyed again June 27th-30th 2010 by LBCS. Of 1,423 km of shoreline within 

the study area, LBCS and CWS surveys covered approximately 164km (12%) and 381km (27%) 

in the northern (Juan Perez sound and Laskeek Bay) and southern (south of Juan Perez) parts 

of the study area, respectively. Note that although surveys have been conducted by LBCS since 

1994 in Laskeek Bay and since 2005 in Juan Perez Sound, we used occurrence data 

exclusively from 2010 because: (1) in 2010, the survey methodology was standardized and the 

route was extended to include more poor quality habitat; (2) rats were eradicated from several 

islands within the study area in 2010 (after the breeding season). 

In both CWS and LBCS surveys, at least two observers scanned the shoreline by boat for 

territorial Black Oystercatcher breeding pairs. Boats remained approximately 50m from land and 

travelled at a speed of less than 11km/hr. Surveys were not conducted in rainy or windy/choppy 

conditions (except in light rain) to improve detectability. Birds were deemed ‘territorial’ by 

observing behavioral cues. Upon finding a territorial pair, shoreline was surveyed by foot to 

search for evidence of a scrape, chick or eggs. Any areas previously occupied by a breeding 

pair were also searched on foot. In CWS surveys, more ‘poor quality habitat’ was surveyed, 

although these sections were scanned from a farther distance (less than 200m) and at greater 

boat speed (Moira Lemon, personal communication).  

During surveys, GPS coordinates were taken at the location of a territorial pair or nest-site. 

GPS coordinates that were not available for 11 of 91 sites in CWS surveys were determined 

post-hoc from satellite imagery and field notes. Coordinates were imported into a GIS and 

assigned to the nearest shoreline segment (see below) using a tool within ArcGIS 10.2. Any 

shoreline segment with at least one territorial breeding pair was deemed ‘present’. Any 

shoreline segment that was surveyed but did not have a territorial breeding pair present was 

deemed ‘absent’. In 12 cases, breeding pairs were ‘moved’ to an incorrect segment. This 

occurred when ShoreZone shoreline resolution was too low to accurately represent small islets. 

The actual nest site location (i.e. small islet) was visible from high-resolution satellite imagery. 

These cases were removed prior to analysis. For further details on survey methods, as well as 

other site or scrape characteristics measured in the survey, see Parks Canada Agency (2014). 
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5.2.3 Environmental data 

Fourteen predictors were selected a priori (Table 5.1), following development of a 

conceptual model (Chapter 2). Predictors were: (1) linked as directly as possible to some known 

or hypothesized biological mechanism; (2) appropriate to the scale of study; and (3) available at 

sufficient quality, coverage and resolution. Explanation of how predictors of different data types 

(polygon, raster, polyline, point) were aggregated to a common model unit is provided in 

Chapter 3.  

Several predictors were available as attributes within the ShoreZone shoreline mapping 

system (ShoreZone), which mapped biophysical aspects of the shoreline from 1:5,000 scale 

video captured in 1991-1992): biological wave exposure index (BioExp) comprised 5-level 

ordinal estimates of wave exposure (‘protected’, ‘semi-protected’, ’semi-exposed’, ’exposed’, 

’very exposed’), validated with in situ biological data; shoreline type (ShoreType) comprised 10 

classes, which were shoreline types reclassified from 34 ‘coastal classes’ (Harper, 1994; 

Appendix A); slope of the intertidal area (Slope) comprised 3-level ordinal estimates (5-20, 20-

50, >50); occurrence of mussel beds (Mytilus californianus) on a 3-level ordinal scale (‘absent’, 

‘patchy’, continuous’), visible from aerial video (Mussel); occurrence of rockweed beds (Fucus 

spp.) on a 3-level ordinal scale (‘absent’, ‘patchy’, continuous’), visible from aerial video (Fucus); 

Area of islands (Area) calculated from island polygons. 

A quantitative wave exposure index (Fetch) was developed using a program created by 

Murtojarvi et al. (2007). These estimates were derived from basic calculations of fetch from 10 

radiating lines at points spaced 10m along the shoreline (see Chapter 4 for details). Distance to 

forest cover (TreeDist) was determined from treeline (i.e. transition from trees to bare rock 

/shrub/grass) digitized at 1:5,000 scale from 2010 cloud-free Digitalglobe satellite imagery freely 

available in ArcGIS 10.2 at resolution ranging from 0.5m to 2.5m (ESRI, 2013). Distance to 

human disturbance (HumanDist) was calculated by identifying sites of heavy boat traffic and 

human habitation, i.e. from tourism, seasonal accommodations and 

conservation/monitoring/research activities (Appendix D). Intertidal area within a circular buffer 

of 50m (IT50), 200m (IT200), 500m (IT500) and 1000m (IT1000) were calculated from intertidal 

area polygons available from Canadian Hydrographic Service. Different circular buffer sizes 

were intended to account for various hypotheses regarding Black Oystercatcher foraging 

distance. Data on occurrence of rats (Rattus rattus or Rattus norvegicus) at islands in 2010 

(RatOccur) were obtained from Gwaii Haanas and LBCS (Appendix E). Occurrence was 
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determined through use of camera-trap surveys. Islands with unknown presence/absence left as 

‘NA’ in the data set, and were handled appropriately by the statistical model (see below).  

We hypothesized that: IslandArea, TreeDist, HumanDist and RatOccur were related to nest 

failure or mortality; wave exposure indices (Fetch and BioExp) were related to both prey 

abundance/availability (Chapter 4) and nest washout; Slope, intertidal area (IT50, IT200, IT500, 

IT1000), Mussel, Fucus and ShoreType were related to prey abundance/availability (Chapter 4) 

and in the case of ShoreType, as nesting material. Supporting evidence for hypothesized links 

of predictors to biological mechanism can be found in Chapters 2 (conceptual model) and 4 

(prey abundance).  

5.2.4 Statistical analyses 

All statistical analyses were conducted in R version 3.2.3 (R Development Core Team, 

2015). We fit models using Boosted Regression Trees (BRT), implemented within the gbm 

package (Ridgeway, 2006) and with several functions in the dismo package (Hijmans et al. 

2012). BRT is a machine-learning, ensemble method that creates and averages many 

classification trees (Breiman, 2001) using a boosting algorithm. After the initial tree is built, 

subsequent trees model the residuals, with diminishing overall contribution. Three model 

parameters are user-defined: learning rate specifies the rate at which the contribution of each 

subsequent tree to the overall model shrinks; tree complexity specifies the number of nodes per 

tree, which in effect controls the maximum level of interaction between predictors; bag fraction 

determines the proportion of observed data randomly selected for each tree. Any bag fraction 

less than one introduces model stochasticity, meaning that model outputs will be different after 

every run (De’Ath, 2007). Altogether, these parameters determine the number of trees used to 

fit the model and can be adjusted to optimize model performance or, if necessary, limit 

computation time.  

BRT are increasingly being used to model distribution of bird species (e.g. Rickbeil et al., 

2014; Wild et al., 2015). The main strengths of BRT are: (1) high predictive performance relative 

to other commonly used SDM methods (De’Ath, 2007; Elith et al., 2006; Leathwick, Elith et al. 

2006; Palialexis et al., 2011; Valle et al., 2013); (2) ability to incorporate large number of 

predictors, including categorical predictors; (3) ability to model non-linear species response 

curves and complex interactions, (4) ability to handle missing data in predictors (i.e. by using 

‘surrogate splits’, whereby missing values are filled-in with values of a correlated variable).  

These advantages are balanced by several drawbacks that are generally true for machine-
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learning methods: (1) tendency toward model ‘overfitting’, which can lead to poor model 

transferability (but see Bahn & McGill, 2013; Heikkinen et al., 2012); (2) limited model 

interpretability. In general, this trade-off is justified when the goal of the study is prediction, not 

testing biological hypotheses. 

Prior to model fitting, we tested for correlation amongst continuous and ordinal predictors 

using pairwise Spearman’s correlation coefficients (rho; Table 5.2). If rho was greater than 0.7, 

the predictor deemed least directly related to species biology was removed from consideration 

(Dormann et al., 2013). This process resulted in removal of two predictors (IT200, IT100; Table 

5.1). All retained predictors had pairwise rho less than 0.6. Note that predictors related to wave 

exposure (BioExp, Fetch) were correlated (rho=0.77) and retained, but were not used in the 

same model. 

We controlled for model overfitting using a 10-fold cross validation method developed by 

Elith et al. (2008), implemented using the gbm.step function within the dismo package. This 

procedure determines the optimal number of trees to use before predictive performance on ‘out-

of’-bag’ data (i.e. 10% of data withheld for testing) declines. We further reduced overfitting by 

simplifying models (see below). We determined the relative influence (RI) of each predictor 

following a method outlined in (Friedman, 2001). Each time a predictor is selected for splitting, 

the squared improvement on the model is summed, and averaged across all trees. This value is 

then normalized so that all predictor RI scores sum to 100, with higher numbers indicating 

higher influence (Elith et al., 2008).  

Response curves were determined using partial dependence plots, which plot the effect of 

different predictor values on the response, while all other predictors are held at their mean. Note 

that partial dependence plots may be misleading when strong interactions are present or when 

correlation amongst predictors is high (Elith et al., 2008). We log-transformed predictors that 

had outliers and high skew (IslandArea, TreeDist, Fetch). Transformation has no affect on BRT 

performance or model fitting (De’Ath, 2007) and this was only done to improve visualization of 

response curves, i.e. by ensuring spread of values across the x-axis.  

We fit four candidate models to compare predictive ability of models varying in complexity: 

SHOR included only the ShoreType variable; SHZN included all predictors available in the 

ShoreZone database (IslandArea, ShoreType, BioExp, Slope, Mussel, Fucus); ABIO included 

some ShoreZone predictors (IslandArea, ShoreType) and abiotic predictors derived from remote 
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sensing (TreeDist, Fetch, IT50, IT1000); BIOT included all predictors in the ABIO model, in 

addition to predictors that required collection of biological data in situ (RatOccur, HumanDist). 

Note that Fetch was considered to be a quantitative equivalent of BioExp, and therefore these 

were not included in the same model.  

For all models, we reduced overfitting and improved interpretability by removing predictors if: 

(1) they did not have higher RI than a random number variable (RandomNum), following Soykan 

et al. (2014); (2) response curves could not be easily interpreted. We tested whether variable 

model unit size (SegLength) had any influence on the model.  Since RI scores were only slightly 

higher than RandomNum (RI=3%) and response curves revealed no clear bias toward larger 

segments, we assumed that variability in segment length did not bias results. 

Due to BRT stochasticity, all models were fit 10 times and summary statistics (e.g. RI, AUC) 

were calculated as the mean across all iterations. For all models, we used a bag fraction of 0.5 

and maximum tree complexity of 3, following recommendations of Elith et al. (2008). We 

adjusted the learning rate until the optimal number of trees exceeded 1,000 (Elith et al., 2008). 

Prevalence of breeding pairs was low, which led to an unequal balance of presence to absence 

segments (166:5220; 3%). Low prevalence (especially<10%) reduces BRT model performance 

unless corrected (Barbet-Massin et al. 2012). We down-weighted absence data according to 

prevalence in the training set so that presence and absence data had equal weight in model 

fitting.  

We assessed ability of models to discriminate between observed presence and absence 

using Area Under the receiver operator characteristic Curve (AUC; Pearce and Ferrier 2000, 

Fielding & Bell 2002). AUC is useful because it does not require selection of a threshold to 

reclassify continuous predicted values into binary presence/absence. In models with good 

discrimination, higher predicted values will tend to be associated with observed presence and 

lower predicted values will tend to be associated with observed absence, with minimal overlap 

(Lawson et al. 2014). AUC value of 1 indicates perfect discrimination and AUC value of 0.5 

indicates that the model performed no better than random. AUC of 0.9 indicates excellent, 0.8-

0.9 very good, 0.7-0.8 satisfactory and <0.7 indicates poor discrimination ability (Hosmer & 

Lemeshow, 2004). 

Evaluation of models’ ability to predict independent data (i.e. data not used for model 

training) is generally recommended when sufficient occurrence data is available (Araújo & 



 

 51 

Guisan, 2006). We used three methods to assess predictive ability: (1) we trained the model on 

all data and tested predictive ability using 10-fold cross-validation; (2) we trained the model on 

2005 occurrence data (~75% of segments) and tested predictive ability on 2010 occurrence 

data; and (3) we trained the model on the northernmost 75% of presence and northernmost 

75% of absence segments and tested predictive ability on the remaining segments.  Methods 

(2) and (3) allowed us to test both temporal and spatial model transferability, although note that 

method (2) also involved spatial partitioning since 2005 and 2010 occurrence data were 

collected in non-overlapping regions. Following methods in Rickbeil et al. (2014), we also 

assessed ‘model overfitting’ by subtracting AUC calculated on data used to train models 

(AUCTrain) from AUC calculated from 10-fold cross-validation (AUCCV), for each model (Model 

Overfitting = AUCTrain-AUCCV). 

Prediction of binary presence/absence from continuous prediction values requires selection 

of a threshold. For the ‘best’ model, we compared the use of two different threshold-

determination methods: (1) optimizing True Skill Statistics (TSS; i.e. [sensitivity+specificity]-1), 

which finds a balance between specificity (true negative rate) and sensitivity (true positive rate; 

Liu et al. 2005); and (2) matching predicted prevalence to observed prevalence. Both were 

calculated using the optimize.thresholds function in the caret package. The first method is 

generally recommended (Allouche et al. 2006), whereas the second approach is recommended 

when prevalence is low (Liu et al., 2005). We generated confusion matrices to compare 

performance (e.g. predicted prevalence, commission vs. omission error rates).  
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Table 5.1. Predictors hypothesized to influence Black Oystercatcher breeding pair occurrence at shoreline segments, selected a priori from 
conceptual model and constrained by data availability.  

Biological 
Function 

Predictor Description 
Scale of 

Aggregation 
Data Type Predictor Type Source Retained 

NA SegLength 
Length of model unit, i.e. shoreline 
segment 

Segment Continuous NA Dalgarno (2016) Yes 

 RandomNum 
Random sequence of numbers 
from 1 to 100 

Segment Continuous NA Dalgarno (2016) Yes 

Prey ShoreType 
ShoreZone coastal class 
reclassified into 10 repetitive shore 
types  

ShoreZone unit 
Categorical (10 

classes) 
ShoreZone (Harper et al., 1994) Yes 

 Mussel 
ShoreZone ‘bioband’ for California 
Mussel (Mytilus californianus) 

ShoreZone unit Ordinal (3 levels) ShoreZone (Howes et al., 1994) Yes 

 Fucus 
ShoreZone ‘bioband’ for rockweed 
(Fucus spp.) 

ShoreZone unit Ordinal (3 levels) ShoreZone (Howes et al., 1994) Yes 

 BioExp 
Wave exposure estimate, validated 
with in-situ biological data 

ShoreZone unit Ordinal (5 levels) ShoreZone (Howes et al., 1994) Yes 

 Slope Estimated slope of intertidal area ShoreZone unit Ordinal (3 levels) ShoreZone (Howes et al., 1994) Yes 

 IT50 
Total intertidal area within a 
circular 50m buffer’ 

10m points Continuous Abiotic Dalgarno (2016) Yes 

 IT200 
Total intertidal area within a 
circular 200m buffer 

10m points Continuous Abiotic Dalgarno (2016) No 

 IT500 
Total intertidal area within a 
circular 500m buffer 

10m points Continuous Abiotic Dalgarno (2016) No 

 IT1000 
Total intertidal area within a 
circular 1000m buffer 

10m points Continuous Abiotic Dalgarno (2016) Yes 

 Fetch 
Fetch summed at 10 degree 
intervals weighted by average wind 
conditions from 2005-2015. 

10m points Continuous Abiotic Dalgarno (2016) Yes 

Nest Failure/ 
Mortality 

TreeDist Distance to nearest treeline 10m points Continuous Abiotic Dalgarno (2016) Yes 

 HumanDist 
Distance to nearest site of 
anthropogenic disturbance 

10m points Continuous Biotic Dalgarno (2016) Yes 

 IslandArea Area of island polygons Island polygon Continuous Abiotic (Howes et al., 1994) Yes 

 RatOccur 
Detected or known occurrence of 
R. Rattus or R. Norvegicus in 2010 
(prior to rat eradications) 

Island polygon 
Categorical (2 

classes) 
Biotic Dalgarno (2016) Yes 

Biological Function: indicates whether predictor is prey-related or related to some aspect of nest failure or mortality; Scale of Aggregation: original resolution and 
geometry of the data before aggregated to segments; Predictor Type: indicates whether predictor is derived from ShoreZone attributes (ShoreZone), from remote 
sensing (Abiotic), or from data that requires collection of biological data in situ  (Biotic); Retained: Indicates whether predictor was retained following pairwise 
correlation analyses (if r or rho>0.7; the least ecologically relevant predictor was removed (see Table 5.2).
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Table 5.2. Pairwise Spearman correlation coefficients (rho) for ordinal and continuous predictors. Positive correlation is shown in blue; negative 
correlation is shown in red; pairwise predictors with rho>0.7 are bold and black (all positive). 

 Mussel Fucus BioExp Slope IT50 IT200 IT500 IT1000 Fetch TreeDist HumanDist IslandArea 

Mussel -            

Fucus 0.32 -           

BioExp 0.59 0.34 -          

Slope 0.11 0.08 0.14 -         

IT50 0.06 0.05 0.07 0.42 -        

IT200 0.01 0.03 0.04 0.44 0.81 -       

IT500 0.03 0.01 0.06 0.42 0.73 0.95 -      

IT1000 0.06 0.01 0.10 0.38 0.63 0.83 0.92 -     

Fetch 0.50 0.34 0.77 0.15 0.06 0.07 0.11 0.17 -    

TreeDist 0.30 0.18 0.34 0.07 0.24 0.15 0.12 0.08 0.32 -   

HumanDist 0.00 0.01 0.14 0.05 0.09 0.05 0.04 0.03 0.05 0.02 -  

IslandArea 0.23 0.06 0.34 0.04 0.03 0.02 0.02 0.01 0.30 0.31 0.17 - 
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5.3 Results 

5.3.1 Descriptive statistics 

A total of 221 territorial breeding pairs were located in the surveys: 118 breeding 

pairs in 2005 and 103 in 2010. A nest with eggs or chicks was located for 81% of 

breeding pairs in 2005 (n=96) and 87% of breeding pairs in 2010 (n=90; Appendix G).  

Of the 5,386 total segments surveyed, 3% (n=166) were occupied by at least one 

territorial breeding pair. Breeding pair density on surveyed shoreline was 0.4 pairs/km.  

Approximately 50% of breeding pairs (n=80) were observed on islands <10,000m2 (1 

hectare), despite these islands comprising 15% of surveyed segments. Only 21 (13%) 

and 54 (33%) breeding pairs were observed within 20m and 50m of a treeline, 

respectively; 121 breeding pairs (73%) occurred on bedrock (shore types 1 and 2) and 

151 (91%) occurred on bedrock or mixed bedrock (shore types 1-6).  Individually, shore 

types 1 (wide rock ramp/platform), 2 (narrow rock cliff/ramp) and 5 (wide rock 

ramp/platform with sand/gravel beach) had the highest occurrence of breeding pairs with 

69 (43%), 52 (32%) and 17 (11%), respectively. In general, the range of environmental 

space within the study area was well covered by surveyed segments, although the 2005 

survey sampled a broader range of habitats than the 2010 survey (Table 5.3 and Table 

5.4). 

5.3.2 Model performance 

Several predictors (IT1000, Slope, Fucus, Mussel, and BioExp) were removed from 

their respective models because they had lower RI than a random number variable. 

Although HumanDist had slightly higher RI than RandomNum, it was removed because 

the response curve was not easily interpretable. It appeared that breeding pair 

occurrence decreased with distance to human disturbance, with a dramatic decline 

beyond ~15,000m, although we could not see any reason for the pattern (Figure 5.4, 

Panel G). In all cases, removal of predictors resulted in negligible decrease in model 

performance, evaluated through 10-fold cross-validation (within AUC=0.005; Table 5.6). 

The final SHZN, ABIO and BIOT models comprised two, five and six predictors, 

respectively (Table 5.6). The only predictor separating the final ABIO and BIOT models 

was rat occurrence (RatOccur). 
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Table 5.3. Descriptive statistics for continuous predictors retained in final models. Values are scaled for readability. 

Predictor Surveyed 2005 Surveyed 2010 All Surveyed Study Area 

 Mean Range Mean Range Mean Range Mean Range 

IslandArea (‘000m2) 10074.2 0.1 - 2610569.3 350.8 0.2-272755.8 3943.6 0.1 - 2610569.3 3943.6 0.1 - 2610569.3 

TreeDist (‘00m) 0.1 0 - 23.0 0.2 0-11.1 0.2 0 - 23.0 0.2 0 - 23.0 

Fetch (‘000m) 545.5 0.4-5458.3 555.4 1.1-2983.0 579.6 0.4-5458.3 373.5 0.1-5458.3 

IT50 (‘00m2) 30.2 2.5 - 79.3 29.3 2.2-79.0 30.0 2.2 - 79.3 30.0 2.2 - 79.3 

HumanDist (‘00m) 98.3 0.6 - 202.9 32.9 0.3-87.0 80.0 0.3 - 202.9 80.0 0.3 - 202.9 

Surveyed 2005: shoreline surveyed in 2005 (south of Juan Perez) by CWS; All Surveyed: all surveyed shoreline including 2005 and 2010 survey conducted by 
LBCS in Juan Perez and Laskeek Bay; Study Area: includes all surveyed shoreline and un-surveyed shoreline within the study area (southeastern Haida Gwaii). 

Table 5.4. Percent shoreline of study area and surveyed areas,by shoreline type (ShoreType).  

ShoreType Description 
Surveyed 2005  
(% Shoreline) 

Surveyed 2010 
(% Shoreline) 

All Surveyed 
 (% Shoreline) 

Study Area 
 (% Shoreline) 

1 Wide rock ramp/platform 18.7 25.8 20.7 10.6 

2 Narrow rock cliff/ramp 31.1 40.1 33.6 27.0 

3 Wide rock ramp/platform with gravel beach 10.5 6.0 9.3 6.4 

4 Narrow rock cliff/ramp with gravel beach 8.0 6.6 7.6 9.4 

5 
Wide rock ramp/platform with sand/gravel 
beach 

7.5 9.8 8.2 7.2 

6 Narrow rock cliff/ramp with sand/gravel beach 2.7 0.6 2.1 3.0 

7 Gravel beach 7.5 5.0 6.8 8.3 

8 Sand and gravel beach 6.6 2.8 5.6 19.4 

9 Sand beach 0.6 1.4 0.8 2.1 

10 Estuary/lagoon 6.8 1.8 5.4 6.5 

Surveyed 2005: shoreline surveyed in 2005 by CWS (south of Juan Perez); Surveyed 2010: shoreline surveyed in 2010 by LBCS (Juan Perez and Laskeek Bay 
regions); All surveyed: all surveyed shoreline combined; Study Area: all shoreline in study area including surveyed and un-surveyed (i.e. predicted) shoreline. 
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Table 5.5. Mean AUC models for each evaluation method. Values are the mean over 10 model iterations.  

Evaluation Method 
SHOR 

(AUC) 

SHZN 

(AUC) 

ABIO 

(AUC) 

BIOT 

(AUC) 

Training 0.690 0.876 0.926 0.926 

10-fold Cross-Validation 0.681 0.840 0.890 0.884 

North/South Partition 0.537 0.816 0.862 0.861 

2005/2010 Partition 0.652 0.770 0.838 0.831 

Mean 0.623 0.809 0.863 0.859 

Training: trained on all data, tested on all data; 10-fold Cross-Validation: trained on 9/10 folds, tested on remaining 
fold until all folds have been tested once; North/South Partition: trained on northern 75% of data, tested on southern 
25%; 2005/2010 Partition: trained on 2005 occurrence data, tested on 2010 occurrence data; Mean: mean value of all 
evaluation methods, excluding ‘Training’. 

Figure 5.2. Assessment of discrimination and overfitting for each model. Panel A: Discrimination (AUC) 
across different evaluation methods. Panel B: Model overfitting (AUCCV-AUCTrain). Values are the mean 
over 10 model iterations.  

 

10-Fold Cross-Validation: models trained on all data, tested through 10-fold cross-validation; North/South Partition: 
models trained on northern 75% of segments, tested on southern 25% of segments; 2005/2010 Partition: models 
trained on segments surveyed in 2005, tested on segments surveyed in 2010; Mean: mean AUC value across all 
evaluation methods; Model Overfitting: AUC calculated from 10-Fold Cross-Validation (AUCCV) subtracted from AUC 
calculated on data used to train model (AUCTrain). 
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Averaged across all evaluation methods, the ABIO model had highest discrimination ability 

(AUC=0.863), followed by BIOT (AUC=0.859), SHZN (AUC=0.809) and SHOR (AUC=0.623; 

Table 5.5). Although ABIO and BIOT had equivalent discriminative ability on training data 

(AUC=0.926), BIOT had worse predictive ability when evaluated through 10-fold cross-

validation, or on independent data. The differences between ABIO and BIOT were marginal 

across all evaluation methods, although ABIO is more parsimonious. In general, models had 

lower predictive ability when trained and evaluated on independent data, although this effect 

was more pronounced when models were trained on 2005 occurrence data and tested on 2010 

occurrence data (2005/2010 Partition; Figure 5.2, Panel A). The BIOT model had the highest 

apparent model overfitting and overfitting generally increased with model complexity (Figure 5.2, 

Panel B). 

5.3.3 Response curves and relative influence 

In general, predictors associated with nest failure and mortality had the greatest relative 

influence on the model (Figure 5.3). In the ABIO model, TreeDist had greatest influence 

(RI=47.5%), followed by IslandArea (RI=35.7%), Fetch (RI=7.3%), ShoreType (RI=5%), and 

IT50 (RI=4.4%; Table 5.5). RI scores were similar in the BIOT model, with RatOccur having the 

lowest (RI=3.1%). In the SHZN model, which included only IslandArea and ShoreType, 

IslandArea had a very high influence (RI=85%).  

Partial dependence plots from the BIOT model (Figure 5.4), revealed that breeding pair 

likelihood of occurrence increased with distance to the treeline (especially >15m), and this effect 

plateaued beyond ~100m. Probability of occurrence tended to be higher on smaller islands, 

although not on islands less than ~1-2000m2. Islands greater than 10 hectares (100,000m2) had 

a negative association with occurrence. Breeding pairs preferred rock and mixed rock/sediment 

shoreline types (ShoreType 1,2,4,5), especially with more gradual slope (ShoreType 1 and 5). 

Gravel beach (ShoreType 7) also appeared to have a positive association with occurrence. 

Probability of occurrence increased with wave exposure (Fetch) at moderate exposures. 

However, both very low and very high exposures had a negative influence on occurrence. 

Intertidal area within 50m had a positive effect on breeding pair occurrence up to values of 

~6,000m2 (i.e. >75% of area covered in intertidal), whereafter this trend reversed. Finally, 

breeding pairs tended to occur on islands without rats present. BioExp had a positive linear 

relationship with the response, whereas its quantitative equivalent, Fetch, modeled a complex 

nonlinear response curve with a negative relationship at highest values (Figure 5.4).  
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Table 5.6. Relative Influence (RI) of predictors for all full and final models. Values are the mean over 10 
model iterations. AUC from 10-fold cross-validation is shown to indicate reduction in model performance 
(AUC) following predictor removal. 

 SHOR SHZN ABIO BIOT 

Variable 
Full  

(%) 

Final  

(%) 

Full 

(%) 

Final  

(%) 

Full 

(%) 

Final  

(%) 

Full 

(%) 

Final  

(%) 

RandomNum 34.0  4.8  2.4  2.4  

ShoreType 66.0 100.0 11.7 14.2 5.0 5.0 4.7 4.8 

BioExp - - 3.4 - - - - - 

Slope - - 0.7 - - - - - 

Mussel - - 0.9 - - - 0.1 - 

Fucus - - 1.5 - - - 0.8 - 

IslandArea - - 77.1 85.8 34.3 35.7 30.6 33.8 

Fetch - - - - 6.5 7.3 5.1 6.6 

TreeDist - - - - 45.7 47.5 44.4 47.5 

IT50 - - - - 4.1 4.4 3.5 4.2 

IT1000 - - - - 2.0 - 1.9 - 

RatOccur - - - - - - 2.9 3.1 

HumanDist - - - - - - 3.5 - 

RI total 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 

AUC 0.681 0.681 0.842 0.840 0.886 0.890 0.888 0.884 

Full: model including all relevant predictors; Final: final model after predictors with RI less than 
RandomNum or uninterpretable response curves were removed. 

Figure 5.3. Relative Influence of predictors retained in final models: SHZN, ABIO, BIOT. Values are the 
mean over 10 model iterations.  
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Figure 5.4. Partial dependence plots for selected predictors. Partial dependence plots show the effect of a 
given predictor on the response, with all other predictors held at their mean. The y-axes are logit-scaled 
and centered to have a mean of zero over the distribution of each variable. Rug plots at the top show the 
distribution of surveyed segments across that predictor. Positive y values indicate positive association 
with response, whereas negative values indicate negative association. Plots A-G were derived from the 
BIOT model, whilst plot H was derived from the SHZN model. 
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5.3.2 Predictive maps 

In Figure 5.5, we present a predictive map of predicted ‘probability of occurrence’ for the 

ABIO model. Predicted values for BIOT and ABIO models were very similar (rho=0.99) although 

BIOT appeared to predict lower probability of occurrence on islands with rats. SHZN tended to 

predict higher probability of occurrence on small, forested islands (generally in sheltered areas) 

and lower values on large islands where the shoreline jutted out from the treeline than ABIO and 

BIOT. The ABIO model correctly predicted low density of breeding pairs on Ramsay, Murchison 

and Faraday mainland and high density on Bischoff’s (Figure 5.5, Inset A). As well, ABIO model 

correctly predicted high probability of occurrence on offshore islands south of Burnaby Island 

(Figure 5.5, Inset B) and moderately high probability of occurrence on small islets in a sheltered 

inlet (Figure 5.5 Inset C).  

Confusion matrices from different presence/absence thresholds (Table 5.7) revealed that a 

lower threshold (0.38; optimizing TSS) led to more predicted ‘present’ segments (23%; Figure 

5.6) than would be likely, given observed prevalence (3%); omission error rate (false 

absence/actual presence) was low (12%), although commission error rate (false 

presence/actual absence) was high (19%). A higher threshold (0.86; matching predicted and 

observed prevalence) led to very few predicted ‘present’ segments (1%) higher omission error 

rate (72%) and very low commission error rate (2%). 

Table 5.7. Confusion matrices for ABIO model at threshold maximizing TSS (0.38) and matching 
predicted with observed values (0.86).  

Threshold=0.38  Threshold=0.86  

 Observed  Observed 

Predicted Absent Present Predicted Absent Present 

Absent 4226 19 Absent 5112 113 

Present 991 139 Present 105 45 
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Figure 5.5. Predicted probability of occurrence of breeding pairs in southeastern Haida Gwaii by ABIO 
model. Insets show locations of observed breeding pairs relative to predictions at sites of interest. 
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Figure 5.6. Predicted presence/absence of breeding pairs using a threshold of 0.38 (optimizing True Skill 
Statistics) from the ABIO model. Insets show locations of observed breeding pairs relative to predictions 
at sites of interest. 
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5.4 Discussion 

5.4.1 Predictive maps 

The main output of this study was a map of predicted ‘probability of occurrence’ of Black 

Oystercatcher breeding pairs at ~100m shoreline segments in southeastern Haida Gwaii. 

Segments approximate mean territory size. Predictive maps shown in this study were generated 

from the ABIO model, which was determined to be the ‘best’, considering: good discrimination 

ability; low apparent model overfitting and parsimony relative to the next ‘best’ model, BIOT.  

Probability of occurrence, which is on a continuous scale, is converted to predicted 

presence/absence using a threshold, although this may lead to an unnecessary loss of 

information (Guillera-Arroita et al., 2015). If predictions of presence/absence are required, 

choice of threshold should depend on the application (Fielding & Bell, 1997; Lawson et al., 

2014) as different thresholds will maximize different aspects of model performance (Liu et al., 

2005).  For example, a lower threshold of 0.38, which we determined by maximizing TSS, likely 

overestimates breeding pair presence and would be more suitable for defining a conservation 

area. A higher threshold of 0.86, determined by matching predicted and observed prevalence, 

reduced the commission error and overall segments predicted to be ‘present’, which would be 

better suited to identifying a monitoring or experimental site.  

5.4.2 Response curves and relative influence 

In this study we aimed to test the ability of several GIS data sets, hypothesized to be proxies 

for some underlying biological mechanism, to predict breeding pair occurrence. Although 

causation cannot be determined from correlative models, species-response curves may inform 

biological hypotheses that can be tested through experimentation (Dormann et al., 2012). 

Observed species-response curves closely matched what was expected based on literature 

reviewed (Chapter 2). 

In general, predictors hypothesized to be associated with nest failure/mortality (IslandArea, 

TreeDist, RatOccur), not prey abundance/availability (Fetch, IT50, ShoreType), had higher 

influence on the models. Tendency for breeding pairs to occur at small islands, far from treeline 

has been observed previously in Haida Gwaii (Vermeer et al., 1992: Charest & Gaston, 2003) 

and elsewhere (Hazlitt, 2001; Mcfarland, 2010). We suggest that these act as proxies for 

occurrence of a wide variety of predators known to cause nest failure or mortality (Chapter 2). 
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We expect that breeding pairs avoid nesting in areas that increase vulnerability to nest failure 

through the process of natural selection. They are also able to adapt habitat use within several 

years of environmental change, as revealed by experimental removal of predators and human 

disturbance from islands (Ainley & Lewis, 1974; Nysewander, 1977; Croll et al., 2015).  

Nest failure may also be attributed to washout, i.e. from waves (Vermeer et al., 1992), 

extreme high tides (Morse et al., 2006) or severe storms (Hartwick, 1973; Nysewander, 1977). 

We found some evidence to support the hypothesis that this may be driving occurrence.  First, 

breeding pairs avoided very small islands (<1,500m2), likely because these were inundated at 

high tide, or were more vulnerable to inundation from extreme tides or waves. As well, breeding 

pairs tended to occur at moderate wave exposures (Fetch), with a sharp decline in predicted 

probability of occurrence at extreme exposures. Response to wave exposure appears to reflect 

a tradeoff between: prey, which is more abundant (Chapter 2) and available (i.e. from gaping 

mussels; Falxa, 1992) at high exposures; and vulnerability to nest washout or risk of injury at 

the most extreme exposures. Falxa (1992) also observed foraging adults avoiding sites at 

highest exposures, likely due to risk of injury by pounding waves (Falxa 1992). These results 

support Mcfarland (2010), who found that known breeding sites occupied a narrower range of 

wave exposure than randomly selected sites in Alaska. 

Prey abundance is also likely to be higher at rocky shore types and at gravel sites at low 

exposure (Chapter 4), which likely explains higher predicted probability of occurrence at these 

shoreline types by the model. Tendency for breeding pairs to occur on rocky or gravel shoreline 

types has been observed throughout its range (Andres, 1998b; Charest & Gaston, 2003; 

Weinstein et al., 2014). Finally, increasing probability of occurrence with increasing IT50 values 

(intertidal area within 50m circular buffer) may be explained by prey abundance and prey 

availability (Lindberg et al., 1998; Hazlitt et al., 2002). The observed decline in probability of 

occurrence at extreme values of IT50 (i.e. very flat areas with >75% intertidal area) may be 

attributed to correlation with shoreline type (i.e. estuary, lagoon or wide sandy beach). Better 

performance of the IT50 predictor over IT1000 (intertidal area within 1000m) provides some 

evidence that foraging occurs primarily within close proximity to nest-sites (i.e. within a breeding 

territory), despite observations of foraging adults travelling up to a kilometer from breeding 

territories (Hartwick, 1978). 

There is particular interest in the effect of introduced rats on breeding Black Oystercatchers 

in Haida Gwaii, which has seen eradication of rats from Langara Island (Taylor et al. 2000), and 
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more recently, several islands within the study area (‘Night Birds Returning Project’; Parks 

Canada Agency, 2012). Although it is generally assumed that rats depredate Black 

Oystercatcher chicks and eggs (Kurle et al., 2008; Gruman, 2013), the effect of rats on Black 

Oystercatcher breeding pair occurrence is not well known. Eradication of rats on Hawadax 

Island, Alaska, led to increase in breeding population from one pair to six pairs over five years 

(Croll et al., 2015). Within our study area, Gruman (2013) demonstrated that breeding pair 

density is lower on islands with rats, although that study did not take into consideration other 

habitat qualities. For example, our ABIO model, which did not include a rat occurrence predictor, 

still correctly predicted low probability of occurrence on rat-infested Faraday and Murchison 

islands.  

In this study, the influence of rat occurrence (RatOccur) was nonrandom but low, relative to 

other predictors. Removal of the RatOccur predictor (ABIO model) led to increased model 

performance. Thus, we can conclude that at the scale of this study and given the quality of rat 

occurrence data available (i.e. occurrence was not known for many islands within the study 

area, especially small islands), inclusion of RatOccur does not improve our ability to predict 

breeding pair occurrence. There may be several reasons for the apparent lack of influence of rat 

occurrence on the model: at the scale of this study, TreeDist may act as a general proxy for 

occurrence of all predators, including rats; Black Oystercatchers may be selecting poor habitat 

(i.e. out of necessity or ignorance) and thus we are observing a mismatch between reproductive 

success and habitat selection (Arlt & Pärt, 2007); quality of our rat occurrence GIS data set may 

be poor. Further studies may look at change in breeding population following rat eradication in 

our study area, although these data are not yet published. 

5.4.3 Observation bias and territoriality 

Models that explicitly account for the observation process are generally called occupancy 

models. In this study, we could not assume perfect detection probability (Lyons et al., 2012), nor 

that detection probability was not correlated with a predictor of occurrence. Thus, model 

predictions may be biased (Royle & Dorazio, 2009; Guillera-Arroita et al., 2015). In repeated 

boat-based count surveys of Black Oystercatcher breeding pairs in Washington, detection 

probability was 0.75 (95% BCI: 0.42–0.91; Lyons et al., 2012). Thus, two or more repeated 

surveys on each shoreline segment would increase detection probability to greater than 0.94. 

However, repeating surveys is costly given minimal resources typically available for monitoring 

activities, and thus the required data for occupancy modeling is rarely available. 
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In this study, only 20% of shoreline was surveyed twice due to logistical constraints. 

However, even if all shoreline had been surveyed twice, the length of time between each survey 

(about a month) may have violated assumptions of occupancy modeling - that repeated surveys 

occur within a closed population (Royle & Dorazio, 2009). Moreover, occupancy models are 

generally difficult to fit, and poorly fitted occupancy models may be more biased than predictions 

from models not accounting for detection probability at all (Welsh et al., 2013). Thus, whilst we 

acknowledge potential bias in our results given imperfect detection, we also suggest that 

research be undertaken to weigh the costs and benefits of collecting occurrence data suitable 

for occupancy modeling of Black Oystercatcher breeding pairs. 

Another source of error may have been failure to adequately account for territoriality, which 

may lead to high commission error rate and spatially autocorellated residuals (Fielding & Bell, 

1997). In this study commission error rate was high when presence/absence was predicted 

using a low threshold, although it was reduced considerably when a higher threshold was used. 

Breeding pairs aggressively defend territories (Hazlitt, 2001) and the study scale was chosen to 

approximately reflect mean territory size (Nysewander, 1977; Hazlitt, 2001). However, variability 

in territory size is large (0.79-1.84ha; Nysewander, 1977; 25-245m length; Hazlitt, 2001). Thus, 

on shoreline where model unit size is smaller than territory size, segments surrounding an 

observed breeding pair may have high predicted probability of occurrence (i.e. suitable habitat), 

but observed absence. An alternative approach to take in future studies may be to model 

breeding density in relation to features of islands (e.g. Heinänen & Von Numers, 2009). 

5.4.4 Toward a regional model  

We developed this model with the intention of providing a modeling framework and to test a 

set of predictors that may be used in other regions, or at broader extents. The purpose of 

comparing models varying in complexity was to test whether inclusion of predictors from other 

sources, or predictors derived from biological data collected in situ, which are generally more 

costly, improved model performance. This study showed that: (1) predictive ability of a model 

only taking into account shoreline type (e.g. Weinstein et al., 2014), is relatively poor; (2) a 

model including only ShoreZone predictors, which are widely available, has reasonably high 

predictive ability (AUC=0.84); (3) addition of three GIS-derived predictors (in order of 

importance: TreeDist, Fetch, IT50) that could be readily created in new regions or at broader 

extents, improved model performance further (AUC = 0.89); (4) the inclusion of predictors that 

require collection of data in-situ (HumanDist, RatOccur), did not improve model performance.  
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It is interesting to note that many of the ShoreZone attributes (Fucus, Mussel, Slope, 

BioExp) did not perform well. For example, whilst Fetch had the third greatest RI score, its 

ShoreZone equivalent, BioExp, had less influence than a random number variable. The situation 

was similar between IT50 and the roughly equivalent categorical predictor, Slope.  We suspect 

two reasons for this: (1) ShoreZone predictors were calculated at irregular and lower resolution; 

(2) categorical ShoreZone predictors were not able to adequately model nonlinear response 

curves, which are more likely to represent the ‘true’ underlying response (Austin, 2002). For 

example, Fetch captured a nonlinear response of breeding pairs to wave exposure, with a 

negative relationship at very exposed shoreline. However, BioExp failed to capture this 

relationship, leading to a simplified understanding of how wave exposure affects breeding pair 

occurrence. Our results thus lend general support for the need to use quantitative wave 

exposure indices in coastal predictive modeling (Lindegarth & Gamfeldt, 2005).  

A regional model will require compilation of occurrence data from various surveys that have 

been conducted (historically or recently), typically from monitoring activities. There are several 

challenges associated with this. First, it will be necessary to ensure that occurrence data 

adequately covers geographic and environmental space of prediction area. Whilst we show that 

model predictive ability on independent data was reasonably good (AUC>0.83), model 

transferability may be an issue, especially in regions that have different environmental 

conditions. Moreover, our study demonstrated that predictive ability on temporally split data (i.e. 

trained on 2005 occurrence data, tested on 2010 occurrence data), was relatively poor. We 

suspect that this may have been caused by differences in survey methods/detection probability 

between surveys, or less likely, differences in habitat use between years. Temporal partition of 

data was also spatially partitioned (2005 occurrence data was collected in southernmost 75% of 

study area), so it was difficult to determine whether poor transferability could be attributed to 

different habitat use in the southern part of the study area, which is dominated by the presence 

of Moresby Island, and is generally less accessible. In general, we demonstrate that 

transferability may be an issue when occurrence data sets are compiled from multiple 

years/organizations.  

Second, compiling occurrence data from historical monitoring activities may be challenging. 

In this study, we compiled survey data collected by two organizations: CWS and LBCS. In both 

cases, only presence data  (i.e. GPS coordinates) were readily available in spreadsheet format 

and absence data was established by determining the survey route post-hoc. In the case of the 
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2010 data, survey routes for each year were compiled from various documents and field notes 

and digitized in a GIS. For the 2005 data, we established survey route by retrieving old field-

notebooks, drawing and scanning survey route on printed maps, and digitizing them into a GIS. 

The use of historical survey data sets may be difficult if data are not documented properly, or if 

metadata are lost. Our study generally supports calls to digitize and make freely available 

historical and current ecological data sets, which are collected carefully and often at great cost 

(Hampton et al., 2012).  

Finally, model predictors will have to be selected based on the study scale or region of 

interest. For example, at broader scales, water temperature and salinity may have greater 

influence on intertidal species distributions at broader scales (Raffaelli, 1996; Nyström Sandman 

et al., 2013). As well, tendency of breeding pairs to occur at different shoreline types (e.g. rocky 

vs. gravel) may vary geographically (Nysewander, 1977; Byrd et al., 1997; Andres, 1998b; 

Weinstein et al., 2014) and different predators may have more or less influence on occurrence 

dependent on the region, e.g. foxes (Byrd et al., 1997), rats (Croll et al., 2015), raccoons 

(Vermeer et al., 1992), etc. Finally, whilst our study and Morse et al., (2006) found no influence 

of low-level human disturbance on occurrence, human disturbance may be an important 

predictor of occurrence in regions outside of protected areas or on islands permanently 

inhabited by humans (Vermeer et al. 1989; Ainley & Lewis, 1974). 

5.5 Conclusion 

The conservation status and distribution of the Black Oystercatcher is largely unknown due 

to sparse survey data. The need to develop breeding pair distribution models has been 

identified as a key research priority by leading experts. To our knowledge, this study is the first 

to develop a SDM for predicting ‘probability of occurrence’ of breeding pairs at un-surveyed 

shoreline, at a scale relevant to landscape-level management.   

The ‘best’ model had very good discrimination ability and reasonable predictive ability on 

independent data. Transferability was worse when occurrence data were split according to year 

surveyed. A model built from ShoreZone attributes had reasonable discrimination, although it 

was improved by inclusion of several remotely sensed and widely available predictors. 

Predictors derived from biological in situ data did not improve model performance.  

Several challenges will have to be overcome to expand coverage of this model to different 

regions or scales: compiling occurrence data from historical surveys undertaken by various 
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organizations with adequate coverage; developing predictors relevant to different 

regions/scales; accounting for detection probability; and assessing model transferability. Our 

coastal SDM framework, which integrates ShoreZone attributes and novel GIS data sets, may 

be generally useful for predicting distribution of other coastal species in Haida Gwaii and BC 

more broadly. 
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CHAPTER 6: CONCLUSION 

The main objective of this thesis was to fit and evaluate a SDM for Black Oystercatcher 

breeding pairs within southeastern Haida Gwaii (Chapter 5). The results may inform local 

conservation management and development of SDMs in other regions, at broader scales, or for 

other coastal species in the region. Ecologically relevant predictors were selected through 

development of a conceptual model (Chapter 2) and a vector-based modeling framework was 

developed to integrate the existing ShoreZone mapping system with GIS data sets from other 

sources (Chapter 3). We hypothesized that wave exposure is an important predictor of breeding 

pair occurrence and improved our understanding of the relationship between wave exposure 

and prey abundance (Chapter 4). Below we summarize the key findings from Chapter 4 and 5, 

general contributions of the thesis, and make some recommendations for research going 

forward. 

6.1 Summary of key findings 

In Chapter 4, we developed quantitative fetch-based wave exposure indices for all Haida 

Gwaii coastline at 10m resolution (~470,000 sites). We sampled abundance and size of key 

Black Oystercatcher prey items (limpets, mussels, chitons) at 50 intertidal sites in Gwaii Haanas 

and tested how well fetch indices explained patterns of Black Oystercatcher prey abundance 

and size.  

The Sum10 index, which was created by calculating and summing fetch at 36 radial lines 

separated at 10° intervals (to a maximum of 650km), was best able to explain patterns of prey 

abundance, and had the highest correlation with a validated biological exposure index (BioExp). 

Altering the index according to local wind conditions (Wind) did not improve performance. 

Models for chiton abundance and limpet size did not perform well. Given generally high model 

performance for mussel and limpet abundance at sites of suitable substrate, we concluded that 

the Sum10 index acts as a reasonable proxy for prey abundance. The response curve was 

nonlinear (second order polynomial), with abundance appearing to reach a plateau at sites with 

higher exposure (both for limpets and mussels).  

In Chapter 5, we used Boosted Regression Trees (BRT) to model landscape-level 

distribution of Black Oystercatcher breeding pairs as a function of twelve predictors selected a 

priori. We compiled occurrence data from two available surveys completed in 2005 and 2010 in 

Gwaii Haanas and K’uuna Gwaay (also known as Laskeek Bay) and aggregated all predictors 



 

 
 

71 

and occurrence data to the model unit - shoreline segments of approximately 100m length. We 

interpreted species response curves from partial dependence plots, determined relative 

influence of predictors on model performance, evaluated predictive ability (AUC) of models 

varying in complexity on independent data and through 10-fold cross-validation. Finally, we 

predicted ‘probability of occurrence’ at un-surveyed shoreline in southeastern Haida Gwaii.  

In order of decreasing relative influence on models, Black Oystercatcher breeding pairs 

occurred: far from the treeline, on small islands (but not less than 1,000m2), at moderate wave 

exposures, at sites with moderate intertidal area nearby, and on islands without rats. Predictors 

associated with nest failure or mortality had greatest influence on the model.  The best model 

had excellent discrimination (AUC=0.89). Inclusion of novel GIS-derived or remotely sensed 

predictors beyond ShoreZone attributes improved model performance, although predictors 

derived from in situ data (rat occurrence, distance to human disturbance) did not. Predictive 

ability was generally reduced when tested and trained on independent data, although 

discrimination (AUC) was still greater than 0.8. Transferability was poorest when occurrence 

data was partitioned according to year surveyed.   

6. 2 Major contributions 

In summary, this thesis made four major contributions: 

1) Development of several GIS data sets which may be generally useful for development of 

coastal SDMs in Haida Gwaii (Appendix F). These will be made publicly available 

through an online repository. 

 

2) Development of a framework for coastal SDM in Haida Gwaii, allowing prediction of 

species distributions at a landscape scale (approximately 100m resolution). The main 

contribution of this framework is integration of existing ShoreZone attributes (e.g. coastal 

class) at shoreline ‘units’ with predictors from other sources calculated at a higher and 

more regular resolution. 

 

3) Generation of a predictive map of ‘probability of occurrence’ of Black Oystercatcher 

breeding pairs at shoreline segments in southeastern Haida Gwaii. The predictions will 

be made publicly available as a GIS data set through an online repository (Appendix F). 
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This may be useful for management of the species in Gwaii Haanas (i.e. refining 

monitoring activities).  

 

4) Identification of GIS data sets that may be used as predictors of Black Oystercatcher 

breeding pair occurrence and improved understanding of the link between environmental 

features and occurrence through interpretation of species response curves and 

comprehensive review of Black Oystercatcher breeding habitat and biology. These 

findings may facilitate development of a regional Black Oystercatcher SDM. 

 

6.3 Limitations and sources of error  

This thesis used correlative models to investigate ecological phenomena. Since causation 

cannot be determined from correlative models, we suggest that our results may be used for two 

broad purposes: (1) to facilitate generation of biological hypotheses, which may be tested 

through experimentation; (2) to facilitate conservation and management of Black Oystercatchers 

in the absence of better, i.e. mechanistic, models, which are rarely available due to extensive 

data requirements (Dormann et al., 2012). Thus, we subscribe to the philosophy that correlative 

modeling can provide valuable insight into ecological understanding (Peters 1981). In coastal 

areas, knowledge of species distributions is especially poor and therefore development of 

correlative models is a useful first step.  

Two major shortcomings of this thesis were failure to explicitly account for the observation 

process (e.g. occupancy models; Royle & Dorazio, 2009) and spatial autocorrelation (SAC; 

Dorman et al. 2007). SAC may result from endogenous process (i.e. territoriality) or failure to 

include an important exogenous predictor (Franklin, 2013). Both observation process and SAC 

may be explicitly modeled within a hierarchical Bayesian model (e.g. Thogmartin et al. 2004; 

Mattsson et al., 2013). These methods were beyond the scope of this thesis. Future 

development of SDM for breeding Black Oystercatchers may consider this approach, although 

occupancy modeling (i.e. accounting for observation process) requires occurrence data of a 

quality that were not available in this study, or from typical monitoring activities. 

Finally, error may have resulted from poor quality environmental data. In particular: (1) 

ShoreZone attributes were mapped from video footage that is now 25 years old and thus 

attributes may not reflect current environment; (2) wave exposure (Fetch), which was based on 
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a simple fetch-based model, may inadequately reflect true conditions; (3) Rat occurrence may 

not be accurately mapped due to missing data at many islands; (4) shoreline polyline 

(ShoreZone) resolution may be inadequate, causing failure to accurately calculate distance to 

treeline or island size (and small islands may be missing altogether). 

6.4 Recommendations going forward 

We group recommendations according to: (1) general recommendations for coastal SDMs in 

Haida Gwaii, (2) recommendations for development of a regional Black Oystercatcher SDM.  

6.4.1 Recommendations for coastal SDM In Haida Gwaii 

More, relevant, remotely sensed/GIS-derived predictors should be developed and existing 

predictors should be refined for coastal SDM in Haida Gwaii, including: expanded coverage of 

digitized treeline, improved rat occurrence data set, modeled sea surface temperature, salinity, 

quantitative estimates of sediment size (e.g. Lindegarth et al., 2014).  

In particular, the fetch indices developed in this study should be further refined and used in 

predictive modeling studies in Haida Gwaii. Our results support findings of (Lindegarth & 

Gamfeldt, 2005) that ordinal exposure estimates are inadequate for coastal predictive modeling. 

In particular, they do not adequately model nonlinear response curves, which are more likely to 

represent reality (Austin, 2002), and their use may lead to incorrect conclusions regarding 

biological hypotheses. 

6.4.2 Recommendations for a regional Black Oystercatcher SDM 

All existing Black Oystercatcher occurrence data should be compiled for development of a 

regional SDM. Preferably, these occurrence data will have absence as well as presence 

information and sites will be georeferenced with high enough accuracy for landscape-level 

modeling. Typically, these will come from monitoring or research projects. Collection of 

occurrence data with information on detection probability would be ideal (i.e. through repeated 

surveys) although collection of these data may be cost-prohibitive, causing a trade-off between 

coverage and data quality given minimal resources. 

Suitability of predictors for use at difference scales or in different regions should be 

assessed, and where necessary, more scale- or region-appropriate predictors should be 

developed. At broader scales this might include salinity and water temperature; in different 

regions, data may be required for influence of specific predators (e.g. introduced rats, 
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introduced foxes, feral cats) or human disturbance (e.g. in areas permanently inhabited by 

humans). 

Whilst we provide some initial steps toward understanding current Black Oystercatcher 

breeding pair distribution, further studies should contribute to our understanding of how 

environmental change and disturbance is likely to affect distribution. For example, there is need 

to improve understanding of: the effects of rats and other introduced predators on nest failure 

and occurrence; effects of reduced prey abundance on occurrence, i.e. from ocean acidification 

and warming; effects of increased storm severity causing nest washout under climate change; 

effects of sea-level rise on available habitat; effect of oil spill on occurrence and nest failure. 

Preferably these predictions will be made at a scale relevant to landscape-level management. 
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APPENDICES 

Appendix A 

Reclassification of ShoreZone coastal class into ‘shoreline type’ and ‘substrate type’. 

Substrate Sediment Width (m) Slope (°) 
Coastal 
Class 

Coastal Class Description 
Substrate 

Type 
Shoreline 

Type 

Rock NA >30 >20 NA 
 

  

   
5-20 1 Rock ramp, wide 1 1 

   
<5 2 Rock platform, wide 1 1 

  
<30 >20 3 Rock cliff 1 2 

   
5-20 4 Rock ramp, narrow 1 2 

   
<5 5 Rock platform, narrow 1 2 

Rock +  
Sediment 

Gravel >30 5-20 6 Ramp w/ gravel beach, wide 
2 

3 

   
<5 7 Platform w/ gravel beach wide 2 3 

  
<30 >20 8 Cliff w/ gravel beach 2 4 

   
5-20 9 Ramp w/ gravel beach 2 4 

   
<5 10 Platform w/ gravel beach 2 4 

 
Sand + 
Gravel 

>30 5-20 11 Ramp w/ gravel & sand beach, wide 
2 

5 

   
<5 12 

Platform w/ gravel & sand beach, 
wide 

2 
5 

  
<30 >20 13 Cliff w/ gravel & sand beach 2 6 

   
5-20 14 Ramp w/ gravel & sand beach 2 6 

   
<5 15 Platform w/ gravel & sand beach 2 6 

 
Sand >30 5-20 16 Ramp w/ sand beach, wide 2 5 

   
<5 17 Platform w/ sand beach, wide 2 5 

  
<30 >20 18 Cliff w/ sand beach 2 6 

   
5-20 19 Ramp w/ sand beach, narrow 2 6 

   
<5 20 Platform w/ sand beach, narrow 2 6 

Sediment Gravel >30 >20 21 Gravel flat, wide 3 7 

  
<30 5-20 22 Gravel beach, narrow 3 7 

   
<5 23 Gravel flat or fan 3 7 

 
Sand + 
Gravel 

>30 <5 24 Sand & gravel flat or fan 
4 

8 

  
<30 5-20 25 Sand & gravel beach, narrow 4 8 

   
<5 26 Sand & gravel flat or fan 4 8 

 
Sand/Mud >30 5-20 27 Sand beach 5 9 

   
<5 28 Sand flat 5 9 

    
29 Mudflat 5 10 

  
<30 5-20 30 Sand beach 5 9 

 
Organics/ 
Fines 

NA NA 31 Estuaries 
6 

10 

Anthropo
genic 

Man-
made 

NA NA 32 Man-made, permeable 
7 

10 

    
33 Man-made impermeable 7 10 

Current-dominated 
  

34 Channel  10 
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Appendix B 

Location of intertidal sites surveyed in Gwaii Haanas, July 2015.  For each site, survey consisted of two 
transects (upper-mid zone and lower-mid zone), each with 10 randomly placed 25cm2 quadrats. Within 
each quadrat limpets were counted and measured and mussel % cover was assessed.  

Plot Site Code Date surveyed Region Latitude Longitude 

1 Agg-01-08 15-Jul-15 Agglomerate 52.63073293 -131.4220034 
2 Agg-01-13 13-Jul-15 Agglomerate 52.62445237 -131.4200976 
3 Agg-01-16 15-Jul-15 Agglomerate 52.62421793 -131.4199336 
4 Agg-02-02 15-Jul-15 Agglomerate 52.62628089 -131.4248233 
5 Agg-02-20 13-Jul-15 Agglomerate 52.62683116 -131.4245959 

6 Bis-02-06 18-Jul-15 Bischoffs 52.57604546 -131.5519657 
7 Bis-02-07 18-Jul-15 Bischoffs 52.57350566 -131.5628283 
8 Bis-02-09 19-Jul-15 Bischoffs 52.57776157 -131.5485955 
9 Bis-05-08 19-Jul-15 Bischoffs 52.58218864 -131.5649325 
10 Bis-05-11 18-Jul-15 Bischoffs 52.57628225 -131.557883 
11 Bis-06-06 19-Jul-15 Bischoffs 52.58010708 -131.5708006 

12 DPT-02-24 07-Jul-15 Dodge Point 52.73623059 -131.4994326 
13 Dpt-07-02 07-Jul-15 Dodge Point 52.73373965 -131.504745 
14 Dpt-02-28 08-Jul-15 Dodge Point 52.73886686 -131.4886383 

15 Far-02-26 17-Jul-15 Faraday 52.61468151 -131.4629006 
16 Far-06-08 17-Jul-15 Faraday 52.60848133 -131.5085979 
17 Far-06-15 17-Jul-15 Faraday 52.6090337 -131.5024944 
18 Far-07-03 17-Jul-15 Faraday 52.61153771 -131.4938351 

19 Kun-02-21 06-Jul-15 Kunga 52.77182149 -131.5586277 
20 Kun-02-20 06-Jul-15 Kunga 52.7736961 -131.5664823 
21 Kun-02-03 05-Jul-15 Kunga 52.75836124 -131.5643453 
22 Kun-03-11 05-Jul-15 Kunga 52.74867738 -131.5680584 

23 Mur-01-16 14-Jul-15 Murchison 52.61491402 -131.4377279 
24 Mur-01-17 16-Jul-15 Murchison 52.59850913 -131.4305537 
25 Mur-05-02 13-Jul-15 Murchison 52.60805813 -131.4485107 
26 Mur-05-06 16-Jul-15 Murchison 52.60401369 -131.4338041 
27 Mur-07-05 14-Jul-15 Murchison 52.59182749 -131.4699555 
28 Mur-07-13 14-Jul-15 Murchison 52.59597016 -131.4601731 
29 Mur-05-07 14-Jul-15 Murchison 52.58727117 -131.4617909 
30 Mur-05-09 13-Jul-15 Murchison 52.61183174 -131.4467392 
31 Mur-05-19 16-Jul-15 Murchison 52.59695806 -131.4351161 
32 Mur-07-11 16-Jul-15 Murchison 52.59969709 -131.4381406 
33 Mur-07-12 16-Jul-15 Murchison 52.6007569 -131.4349328 

34 Ram-04-01 22-Jul-15 Ramsay 52.54357682 -131.383483 
35 Ram-05-01 22-Jul-15 Ramsay 52.54879086 -131.4003278 
36 Ram-05-05 20-Jul-15 Ramsay 52.5770678 -131.3875309 
37 Ram-05-10 20-Jul-15 Ramsay 52.57519528 -131.3939435 
38 Ram-05-16 20-Jul-15 Ramsay 52.57292027 -131.4040018 
39 Ram-06-09 21-Jul-15 Ramsay 52.55703195 -131.4375967 
40 Ram-06-14 21-Jul-15 Ramsay 52.56047842 -131.4399885 
41 Ram-07-04 21-Jul-15 Ramsay 52.56344151 -131.439603 
42 Ram-07-08 21-Jul-15 Ramsay 52.55272281 -131.4288863 
43 Ram-07-09 20-Jul-15 Ramsay 52.57013102 -131.3974182 

44 Tar-01-19 09-Jul-15 Tar 52.66088398 -131.4186847 
45 Tar-01-18 10-Jul-15 Tar 52.66226381 -131.4189079 
46 Tar-01-14 11-Jul-15 Tar 52.67371131 -131.4145882 
47 Tar-01-20 11-Jul-15 Tar 52.67703725 -131.4105959 
48 Tar-02-12 09-Jul-15 Tar 52.66194798 -131.4356203 
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Appendix C 

Evaluation statistics of all candidate models for each response variable. Models are shown in descending 
order of ‘goodness’ according to Δ AICc. ‘Best’ models for each response are in bold.  

  
Abundance 

 

Size 

 

Group n Model Δ AICc  % DE 
NRMSE

APP 

NRMS

ECOR 
n Model 

Δ 

AICc  
% DE 

NRMS

EAPP 

NRMS

ECOR 

Limpet 41 
Sum10 + 

Sum10^2 
0.0 59.7 0.13 0.15 39 

Sum10 + 

Sum10^2 
0.0 18.6 0.27 0.29 

  Sum10 2.4 54.9 0.23 0.31  Sum10 0.8 11.5 0.28 0.29 

  Sum45 10.8 45.5 0.13 0.14  Max 1.0 11.1 0.28 0.29 

  Sum45 + Sum45^2 12.4 46.5 0.14 0.15  Wind + Wind^2 2.1 14.1 0.28 0.30 

  Wind + Wind^2 15.2 43.0 0.19 0.29  Sum45 2.2 8.2 0.29 0.30 

  Max + Max^2 21.4 34.6 0.19 0.21 
 

Max + Max^2 2.5 13.3 0.28 0.29 

  Max 22.0 30.3 0.19 0.21  Null 3.2 0.0 0.30 0.31 

  Wind 26.5 23.2 0.31 15.37  Wind 4.3 3.2 0.29 0.30 

  Null 36.7 0.0 0.22 0.22  Sum45 + Sum45^2 4.6 8.4 0.29 0.30 

             

Chiton 41 
Sum10 + 

Sum10^2 
0.0 21.6 0.22 0.24 33 

Sum10 + 

Sum10^2 
0.0 49.0 0.18 0.24 

  Max + Max^2 0.1 21.4 0.22 0.24  Sum10 0.8 43.5 0.19 0.20 

  Max 1.6 14.3 0.26 0.28  Sum45 + Sum45^2 1.7 46.3 0.19 0.20 

  Sum10 3.4 11.0 0.29 0.36  Max 9.7 25.9 0.22 0.23 

  Null 6.6 0.0 0.26 0.26  Sum45 10.1 25.0 0.22 0.24 

  Sum45 7.0 4.0 0.25 0.26 
 

Max + Max^2 11.8 27.1 0.22 0.25 

  Sum45 + Sum45^2 8.6 5.6 0.24 0.27  Wind 12.5 19.5 0.23 0.27 

  Wind 8.7 0.5 0.25 0.75  Wind + Wind^2 13.2 23.9 0.22 3.02 

  Wind + Wind^2 8.7 5.5 0.26 0.33  Null 17.2 0.0 0.26 0.26 

             

Mussel 39 
Sum10 + 

Sum10^2 
0.0 71.0 0.16 0.18 

    
  

  Sum10 1264.4 62.7 0.22 0.22       

  Sum45 + Sum45^2 1564.6 60.8 0.20 0.23       

  Wind + Wind^2 2092.3 57.3 0.18 0.21       

  Sum45 2187.5 56.7 0.21 0.22       

  Max + Max^2 5054.9 38.0 0.24 0.26  
   

  

  Max 5056.9 38.0 0.24 0.25  
   

  

  Wind 6394.2 29.3 0.25 0.27  
   

  

  Null 
10878.

9 
0.0 0.30 0.31  

   
  

Group: species group. Model: predictors in model including any polynomial terms. %DE: Percent Deviance Explained. Δ AICc: Delta 
Akaike Information Criterion corrected for small sample size, NRMSEAPP: Apparent Root Mean Squared Error (i.e. on training data) 
normalized to range of response. NRMSECOR: Corrected Root Mean Square Error (i.e. from 10-fold cross-validation with 20 
replicates) normalized to range of response. 
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Appendix D 

Sites deemed likely to have some level of anthropogenic disturbance during the breeding season in 
southeastern Haida Gwaii (e.g. boat traffic, seasonal accommodations, tourism traffic). 

Site Description Latitude Longitude 

Skedans (K'uuna Llnagaay) Haida Gwaii Watchmen Site 52.9650 -131.6067 

Tanu (T'aanuu Llnagaay) Haida Gwaii Watchmen Site 52.7650 -131.6150 

Windy bay (Hlk'yah GaawGa) Haida Gwaii Watchmen Site 52.6900 -131.4550 

Hotspring island (Gandll K'in 

Gwaay.aay) 

Haida Gwaii Watchmen Site 52.5750 -131.4417 

Huxley island Parks Canada Operations Station 52.4333 -131.3717 

Ellen Island Parks Canada Operations Station 52.1533 -131.0917 

Bischoff's Islands Parks Canada Operations Station 52.5784 -131.5696 

East Limestone Island  Laskeek Bay Conservation Society 

Operations Station 

52.9077 -131.6096 

East Limestone Island  Laskeek Bay Conservation Society Boat 

Launch 

52.9089 -131.6172 

Reef Island Research Group on Introduced Species 

Operations Station 

52.8768 -131.5193 

Rose Harbour Guest Accommodation 52.1481 -131.0865 

Crescent Inlet Moresby Explorer's Guest Accommodation 52.7594 -131.8622 
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Appendix E 

Islands or island groups in Haida Gwaii with known rat (Rattus norvegicus or Rattus rattus) 
presence/absence in 2010. Note that 2010 is prior to any rat eradication efforts undertaken by the ‘Night 
Birds Returning Project’. These data were obtained from Gwaii Haanas and LBCS records and are based 
on extensive camera-trap surveys. 

Island Occurrence Island Occurrence 

Annette Present Hoskins S Absent 
Bischoff Islands Present Hotspring Absent 
Burnaby Present House Absent 
Ellen Island  Present Howay Absent 

Flowerpot Present Hutton Absent 
High Island  Present Jeffrey Absent 
Huxley Present Kat Absent 
Kunga Present Kawas Absent 
Kunghit Present Lost Absent 
Lyell Present Marco Absent 
Moresby  Present Murchison Absent 
Nakons Islet Present Nest  Absent 
Park  Present Nomad Absent 
Richardson  Present Rainy  Absent 
Shuttle  Present Ramsay Absent 
Swan Islands (3) Present Rankine Absent 
Tanu  Present Sea Pigeon Absent 
Topping East, North Present Section Absent 
Titul Present Sivart Absent 
  Agglomerate Absent 
  Alder Absent 
  All Alone Stone Absent 
  Arichika Absent 
  Bolkus Absent 
  Boulder Absent 
  Charles Absent 
  Dog Absent 
  East Copper Absent 
  Faraday Absent 
  George Absent 
  Skaga Absent 
  Skincuttle Absent 
  Tar Islands Absent 
  Tuft  Absent 
  West Topping Absent 
  South Low Absent 
  North Low Absent 
  Reef Absent 
  East Limestone Absent 
  West Limestone Absent 
  Skedans Absent 
  Harriet Absent 
  Hoskins N Absent 
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Appendix F 

List of GIS data sets created as part of this thesis. All data sets will be made publicly available through an online repository. 

Filename Type Coverage Description Attributes 

HG_SHZN_Seg.shp Polyline Haida Gwaii ShoreZone units split into segments of 
approximately 100m lengths. 

All ShoreZone attributes, SegID (unique 
ID), UnitID (parent ID). 

HG_SHZN_Seg_Fetch.shp Polyline Haida Gwaii ShoreZone units split into segments of 
approximately 100m length, plus joined fetch 
indices (mean value for each segment). 

All ShoreZone attributes, SegID (unique 
ID), UnitID (parent ID), Sum10, Sum45, 
Max 

SEHG_SHZN_Seg_SDM.shp Polyline SE Haida 
Gwaii 

ShoreZone units split into segments of 
approximately 100m length, plus joined SDM 
attributes (mean value for each segment if 
applicable). 

All ShoreZone attributes, SegID (unique 
ID), UnitID (parent ID), Sum10, Sum45, 
Max, RatOccur, TreeDist, IslandArea, 
IT50, IT100, IT200, IT500, IT1000, 

SEHG_treeline.shp Polygon SE Haida 
Gwaii 

Treeline digitized at 1:5,000 scale from Bing 
satellite imagery (digitalglobe, 1.5m resolution) 

 

HG_RatOccur.shp Polygon Haida Gwaii Rat occurrence digitized from Gwaii Haanas 
database (ratoccurrence.) for each year from 
2010 (pre-erdadication) to 2015. 

Occurrence (presence/absence), year  

HG_Fetch.shp Point Haida Gwaii Quantitative fetch indices calculated at points 
generated at 1m buffer from ShoreZone 
shoreline and spaced at 10m intervals. 

Sum10, Sum45, Max, Wind (not 
available for all coastline), SegID (from 
spatial join) 

SEHG_ITA.shp Point SE Haida 
Gwaii 

Intertidal area (CHS) within  a circular buffer of 
points generated at 1m buffer from ShoreZone 
shoreline and spaced at 10m intervals. 

50m, 100m, 200m, 500m and 1000m 
circular buffer, SegID (from spatial join) 

BLOY_survey.shp Polyline SE Haida 
Gwaii 

Black Oystercatcher breeding pair survey 
routes (2010-2015). 

Year, within-year survey # 

Bloy_0ccur.shp Point SE Haida 
Gwaii 

Occurrence of Black Oystercatcher territorial 
breeding pairs (2010-2015). 

Year surveyed, organization, date, and 
breeding status (active or occupied). 

SEHG_BLOY_PO.shp Polyline SE Haida 
Gwaii 

Predicted ‘probability of occurrence’ (PO), 
predicted presence/absence at 0.85 threshold 
(PA_TSS), predicted presence/absence at 0.45 
threshold (PA_) of Black Oystercatcher 
breeding pairs at shoreline segments. 

SegID, Probability of occurrence (PO),  
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Appendix G 

Locations of all territorial breeding pairs in 2005 and 2010 surveys. ‘Near’: location after moving point to 
the nearest ShoreZone segment. ‘Field’: coordinates of locations taken in situ by GPS. ‘Activity’: indicates 
whether a nest with eggs or chicks were located (Active) or not (Occupied).  

 Near Field   

ID Longitude Latitude Longitude Latitude Status year 

1 -131.0451 52.2593 -131.0451 52.2603 Active 2005 

2 -131.0451 52.2593 -131.0451 52.2603 Active 2005 

3 -131.0593 52.2642 -131.0594 52.2643 Active 2005 

4 -131.0673 52.2593 -131.0671 52.2591 Active 2005 

5 -131.0673 52.2593 -131.0671 52.2591 Active 2005 

6 -131.1093 52.2905 -131.1093 52.2905 Active 2005 

7 -131.1093 52.2905 -131.1093 52.2905 Occupied 2005 

8 -131.1347 52.2897 -131.1345 52.2889 Active 2005 

9 -131.1241 52.2928 -131.1242 52.2929 Active 2005 

10 -131.1241 52.2928 -131.1242 52.2929 Active 2005 

11 -131.1241 52.2928 -131.1242 52.2929 Active 2005 

12 -131.1265 52.2934 -131.1264 52.2934 Active 2005 

13 -131.1251 52.2942 -131.1253 52.2943 Active 2005 

14 -131.1447 52.3221 -131.1447 52.3222 Occupied 2005 

15 -131.1412 52.3366 -131.1410 52.3368 Active 2005 

16 -131.1384 52.3371 -131.1385 52.3369 Active 2005 

17 -131.1272 52.2421 -131.1272 52.2422 Active 2005 

18 -131.1272 52.2421 -131.1272 52.2422 Active 2005 

19 -131.1719 52.2271 -131.1719 52.2271 Active 2005 

20 -131.1819 52.2263 -131.1819 52.2264 Active 2005 

21 -131.1849 52.2261 -131.1848 52.2257 Occupied 2005 

22 -131.1246 52.2266 -131.1239 52.2275 Active 2005 

23 -131.0879 52.2242 -131.0877 52.2241 Active 2005 

24 -131.0879 52.2242 -131.0877 52.2241 Active 2005 

25 -131.0122 52.2342 -131.0121 52.2342 Active 2005 

26 -131.0068 52.2301 -131.0068 52.2303 Active 2005 

27 -131.0063 52.2313 -131.0063 52.2315 Occupied 2005 

28 -131.0082 52.2320 -131.0081 52.2318 Occupied 2005 

29 -130.9682 52.2083 -130.9678 52.2085 Active 2005 

30 -131.0671 52.0588 -131.0673 52.0587 Active 2005 

31 -131.0249 52.0523 -131.0249 52.0523 Active 2005 

32 -130.9516 52.1078 -130.9516 52.1080 Active 2005 

33 -130.9523 52.1082 -130.9523 52.1081 Active 2005 

34 -130.9667 52.1009 -130.9669 52.1010 Active 2005 

35 -130.9828 52.1168 -130.9828 52.1170 Active 2005 
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36 -130.9832 52.1170 -130.9831 52.1170 Active 2005 

37 -130.9838 52.1164 -130.9837 52.1163 Active 2005 

38 -130.9838 52.1163 -130.9836 52.1162 Active 2005 

39 -130.9886 52.1159 -130.9886 52.1159 Occupied 2005 

40 -130.9968 52.1118 -130.9966 52.1120 Active 2005 

41 -130.9965 52.1117 -130.9965 52.1119 Active 2005 

42 -131.0359 52.1441 -131.0361 52.1439 Active 2005 

43 -131.0624 52.1528 -131.0625 52.1531 Active 2005 

44 -131.2712 52.3869 -131.2712 52.3869 Active 2005 

45 -131.2705 52.3870 -131.2705 52.3871 Active 2005 

46 -131.2575 52.3907 -131.2575 52.3907 Active 2005 

47 -131.3004 52.3673 -131.3003 52.3673 Active 2005 

48 -131.1847 52.3588 -131.1847 52.3588 Active 2005 

49 -131.1734 52.3570 -131.1734 52.3569 Occupied 2005 

50 -131.1892 52.3567 -131.1890 52.3565 Active 2005 

51 -131.1906 52.3559 -131.1906 52.3560 Active 2005 

52 -131.2035 52.3521 -131.2035 52.3520 Active 2005 

53 -131.2038 52.3520 -131.2039 52.3521 Occupied 2005 

54 -131.2179 52.3481 -131.2178 52.3480 Active 2005 

55 -131.2184 52.3484 -131.2184 52.3483 Active 2005 

56 -131.2212 52.3483 -131.2213 52.3483 Occupied 2005 

57 -131.2251 52.3436 -131.2251 52.3439 Active 2005 

58 -131.2188 52.3382 -131.2191 52.3382 Active 2005 

59 -131.2196 52.3484 -131.2195 52.3487 Active 2005 

60 -131.2328 52.3467 -131.2329 52.3468 Active 2005 

61 -131.2349 52.3428 -131.2349 52.3428 Active 2005 

62 -131.2332 52.3407 -131.2332 52.3406 Occupied 2005 

63 -131.2344 52.3497 -131.2344 52.3496 Active 2005 

64 -131.2572 52.3443 -131.2571 52.3445 Occupied 2005 

65 -131.3080 52.3291 -131.3077 52.3289 Active 2005 

66 -131.2895 52.3355 -131.2895 52.3353 Active 2005 

67 -131.2894 52.3356 -131.2893 52.3353 Active 2005 

68 -131.2885 52.3252 -131.2885 52.3254 Active 2005 

69 -131.2900 52.3347 -131.2901 52.3346 Occupied 2005 

70 -131.2690 52.3233 -131.2690 52.3235 Active 2005 

71 -131.2693 52.3238 -131.2692 52.3236 Active 2005 

72 -131.2691 52.3238 -131.2690 52.3237 Active 2005 

73 -131.2600 52.3218 -131.2600 52.3219 Active 2005 

74 -131.2431 52.3247 -131.2428 52.3252 Active 2005 

75 -131.2434 52.3248 -131.2434 52.3248 Occupied 2005 

76 -131.2572 52.2977 -131.2583 52.2978 Active 2005 

77 -131.2784 52.3037 -131.2783 52.3038 Active 2005 
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78 -131.2784 52.3037 -131.2783 52.3038 Active 2005 

79 -131.2860 52.2924 -131.2860 52.2924 Active 2005 

80 -131.2861 52.2922 -131.2861 52.2923 Active 2005 

81 -131.2863 52.2924 -131.2862 52.2924 Active 2005 

82 -131.4023 52.3559 -131.4022 52.3559 Active 2005 

83 -131.3975 52.3536 -131.3986 52.3547 Active 2005 

84 -131.3953 52.3593 -131.3953 52.3593 Active 2005 

85 -131.3750 52.3712 -131.3750 52.3713 Active 2005 

86 -131.3752 52.3708 -131.3752 52.3710 Active 2005 

87 -131.3786 52.3734 -131.3785 52.3736 Active 2005 

88 -131.3788 52.3744 -131.3787 52.3741 Active 2005 

89 -131.3828 52.3939 -131.3828 52.3936 Active 2005 

90 -131.3828 52.3931 -131.3829 52.3931 Active 2005 

91 -131.3829 52.3931 -131.3830 52.3932 Active 2005 

92 -131.3825 52.3934 -131.3827 52.3936 Active 2005 

93 -131.3857 52.3960 -131.3857 52.3957 Occupied 2005 

94 -131.4335 52.3924 -131.4348 52.3932 Active 2005 

95 -131.4335 52.3924 -131.4349 52.3932 Active 2005 

96 -131.4335 52.3924 -131.4348 52.3931 Occupied 2005 

97 -131.4422 52.3857 -131.4418 52.3851 Occupied 2005 

98 -131.4422 52.3857 -131.4418 52.3851 Active 2005 

99 -131.4150 52.4255 -131.4150 52.4254 Active 2005 

100 -131.4150 52.4255 -131.4148 52.4253 Occupied 2005 

101 -131.4148 52.4250 -131.4147 52.4251 Occupied 2005 

102 -131.4148 52.4250 -131.4147 52.4251 Active 2005 

103 -131.3733 52.4190 -131.3735 52.4187 Occupied 2005 

104 -131.3561 52.4334 -131.3560 52.4338 Occupied 2005 

105 -131.4949 52.5185 -131.4949 52.5186 Active 2005 

106 -131.4945 52.5185 -131.4945 52.5184 Active 2005 

107 -131.4942 52.5185 -131.4942 52.5185 Active 2005 

108 -131.4939 52.5184 -131.4938 52.5186 Active 2005 

109 -131.5290 52.5168 -131.5290 52.5167 Active 2005 

110 -131.5391 52.5229 -131.5392 52.5228 Active 2005 

111 -131.5390 52.5228 -131.5391 52.5226 Occupied 2005 

112 -131.5474 52.5364 -131.5474 52.5365 Active 2005 

113 -131.5895 52.5367 -131.5895 52.5369 Active 2005 

114 -131.3997 52.4840 -131.3997 52.4842 Active 2005 

115 -131.3397 52.4676 -131.3397 52.4675 Active 2005 

116 -131.3240 52.4546 -131.3239 52.4545 Active 2005 

117 -131.3145 52.4466 -131.3145 52.4465 Active 2005 

118 -131.3152 52.4437 -131.3152 52.4437 Occupied 2005 

119 -131.5592 52.9554 -131.5586 52.9554 Active 2010 



 

 
 

93 

120 -131.5727 52.9579 -131.5727 52.9579 Occupied 2010 

121 -131.5715 52.9532 -131.5718 52.9539 Active 2010 

122 -131.5714 52.9532 -131.5714 52.9540 Active 2010 

123 -131.6011 52.9583 -131.6010 52.9585 Active 2010 

124 -131.5041 52.8676 -131.5045 52.8674 Occupied 2010 

125 -131.5005 52.8765 -131.5005 52.8765 Occupied 2010 

126 -131.5025 52.8735 -131.5025 52.8735 Occupied 2010 

127 -131.5190 52.8769 -131.5187 52.8770 Occupied 2010 

128 -131.5400 52.9123 -131.5401 52.9123 Active 2010 

129 -131.5394 52.9115 -131.5394 52.9115 Active 2010 

130 -131.5394 52.9112 -131.5393 52.9112 Active 2010 

131 -131.6887 52.8751 -131.6887 52.8753 Active 2010 

132 -131.4909 52.8045 -131.4910 52.8046 Occupied 2010 

133 -131.4877 52.8044 -131.4878 52.8045 Active 2010 

134 -131.4852 52.8019 -131.4852 52.8019 Active 2010 

135 -131.6836 52.8628 -131.6728 52.8624 Active 2010 

136 -131.6836 52.8628 -131.6726 52.8627 Active 2010 

137 -131.6836 52.8628 -131.6729 52.8627 Active 2010 

138 -131.6836 52.8628 -131.6728 52.8628 Active 2010 

139 -131.6031 53.0296 -131.6031 53.0297 Occupied 2010 

140 -131.6016 53.0300 -131.6017 53.0300 Occupied 2010 

141 -131.5729 52.7794 -131.5728 52.7795 Active 2010 

142 -131.5683 52.7497 -131.5684 52.7496 Active 2010 

143 -131.5687 52.7495 -131.5685 52.7496 Active 2010 

144 -131.6040 52.7359 -131.6040 52.7359 Active 2010 

145 -131.6038 52.7358 -131.6038 52.7358 Active 2010 

146 -131.6050 52.7356 -131.6050 52.7357 Active 2010 

147 -131.6042 52.7353 -131.6041 52.7355 Active 2010 

148 -131.6041 52.7353 -131.6040 52.7355 Active 2010 

149 -131.6235 52.7360 -131.6235 52.7359 Active 2010 

150 -131.4976 52.7373 -131.4978 52.7376 Active 2010 

151 -131.5035 52.7367 -131.5036 52.7368 Active 2010 

152 -131.5037 52.7370 -131.5037 52.7369 Active 2010 

153 -131.4165 52.6672 -131.4166 52.6673 Occupied 2010 

154 -131.4196 52.6624 -131.4196 52.6620 Active 2010 

155 -131.4151 52.6665 -131.4150 52.6664 Active 2010 

156 -131.4148 52.6668 -131.4148 52.6668 Active 2010 

157 -131.4350 52.6624 -131.4348 52.6622 Active 2010 

158 -131.4345 52.6625 -131.4345 52.6623 Active 2010 

159 -131.4188 52.6666 -131.4188 52.6668 Active 2010 

160 -131.4241 52.6712 -131.4239 52.6710 Active 2010 

161 -131.4238 52.6714 -131.4238 52.6712 Active 2010 
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162 -131.4145 52.6748 -131.4146 52.6746 Active 2010 

163 -131.4126 52.6762 -131.4125 52.6765 Active 2010 

164 -131.4142 52.6432 -131.4138 52.6429 Active 2010 

165 -131.4143 52.6431 -131.4140 52.6428 Active 2010 

166 -131.4145 52.6430 -131.4144 52.6429 Active 2010 

167 -131.4142 52.6432 -131.4141 52.6431 Active 2010 

168 -131.4080 52.6452 -131.4077 52.6452 Occupied 2010 

169 -131.4080 52.6453 -131.4077 52.6453 Active 2010 

170 -131.4197 52.6242 -131.4201 52.6240 Occupied 2010 

171 -131.4189 52.6224 -131.4190 52.6221 Active 2010 

172 -131.4188 52.6223 -131.4189 52.6220 Active 2010 

173 -131.4191 52.6224 -131.4192 52.6221 Active 2010 

174 -131.4197 52.6214 -131.4196 52.6214 Active 2010 

175 -131.4723 52.6012 -131.4723 52.6012 Active 2010 

176 -131.4674 52.6090 -131.4675 52.6090 Active 2010 

177 -131.4634 52.6145 -131.4634 52.6145 Occupied 2010 

178 -131.4566 52.5987 -131.4566 52.5998 Active 2010 

179 -131.4260 52.5956 -131.4262 52.5957 Active 2010 

180 -131.4262 52.5955 -131.4262 52.5956 Active 2010 

181 -131.4256 52.5961 -131.4256 52.5961 Active 2010 

182 -131.4254 52.5959 -131.4255 52.5960 Active 2010 

183 -131.4247 52.5971 -131.4247 52.5972 Active 2010 

184 -131.4755 52.5948 -131.4753 52.5947 Active 2010 

185 -131.4740 52.5952 -131.4740 52.5953 Active 2010 

186 -131.4306 52.5775 -131.4305 52.5776 Active 2010 

187 -131.4135 52.5812 -131.4136 52.5813 Active 2010 

188 -131.4325 52.5832 -131.4328 52.5829 Active 2010 

189 -131.4472 52.5750 -131.4472 52.5751 Active 2010 

190 -131.5588 52.5701 -131.5588 52.5701 Occupied 2010 

191 -131.5527 52.5727 -131.5526 52.5726 Active 2010 

192 -131.5530 52.5747 -131.5530 52.5747 Active 2010 

193 -131.5722 52.5787 -131.5722 52.5787 Active 2010 

194 -131.5490 52.5777 -131.5489 52.5775 Active 2010 

195 -131.5494 52.5776 -131.5494 52.5775 Active 2010 

196 -131.5489 52.5777 -131.5488 52.5775 Active 2010 

197 -131.5487 52.5761 -131.5487 52.5759 Active 2010 

198 -131.5664 52.5728 -131.5664 52.5727 Active 2010 

199 -131.5661 52.5725 -131.5662 52.5727 Active 2010 

200 -131.5559 52.5803 -131.5559 52.5802 Active 2010 

201 -131.4647 52.5673 -131.4648 52.5672 Active 2010 

202 -131.4648 52.5674 -131.4649 52.5674 Active 2010 

203 -131.4029 52.5733 -131.4031 52.5735 Active 2010 
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204 -131.3987 52.5756 -131.3987 52.5756 Active 2010 

205 -131.3967 52.5747 -131.3966 52.5746 Active 2010 

206 -131.3987 52.5750 -131.3988 52.5752 Active 2010 

207 -131.3986 52.5752 -131.3986 52.5752 Active 2010 

208 -131.3987 52.5745 -131.3987 52.5745 Active 2010 

209 -131.3990 52.5751 -131.3994 52.5750 Active 2010 

210 -131.3543 52.5764 -131.3543 52.5764 Active 2010 

211 -131.3576 52.5754 -131.3576 52.5754 Active 2010 

212 -131.3541 52.5765 -131.3540 52.5764 Active 2010 

213 -131.3488 52.5454 -131.3485 52.5454 Active 2010 

214 -131.3481 52.5459 -131.3481 52.5454 Active 2010 

215 -131.3478 52.5458 -131.3479 52.5455 Active 2010 

216 -131.3485 52.5449 -131.3483 52.5453 Active 2010 

217 -131.3918 52.5411 -131.3920 52.5410 Active 2010 

218 -131.3146 52.4434 -131.3146 52.4433 Active 2010 

219 -131.3188 52.4510 -131.3188 52.4511 Active 2010 

220 -131.3240 52.4546 -131.3239 52.4545 Active 2010 

221 -131.3237 52.4537 -131.3237 52.4539 Active 2010 
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