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ABSTRACT 

 

NEW INTERPRETATIONS FROM OLD DATA: CHANGES IN EXTENT OF 

OCCURRENCE AND AREA OF OCCUPANCY FOR CANADA LYNX AND 

SNOWSHOE HARE FROM FUR HARVEST AND MUSEUM RECORDS 

 

Morgan Wehtje 

 

Range contractions and expansions are important ecological concepts for species 

management decisions. These decisions relate not only to rare and endangered species 

but to common and invasive species as well. The development of the broad 

spatiotemporal extent models that are helpful in examining range fluctuations can be 

challenging given the lack of data expansive enough to cover the time periods and 

geographic extents needed to fit the models. Archival records such as museum databases 

and harvest data can provide the spatiotemporal extent needed but present statistical 

challenges given they represent presence-only location information. In this thesis, I used 

maximum entropy and Bayesian hierarchical occupancy algorithms fitted with archival 

presence-only records to develop spatiotemporal models covering broad spatial and 

temporal extents for snowshoe hare and Canada lynx. These two algorithm types are well 

suited for presence-only data records and can be adapted to include biological and 

physical processes, thus improving the ecological realism of the models. Using these 

modelling methods, I found the extent of occurrence (EOO) and area of occupancy 

(AOO) varied greatly over time and space for both snowshoe hare and Canada lynx, 

suggesting that management decisions for these species should include consideration of 

these variations. While the presence-only data were appropriate for model development 
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and understanding changing values in EOO and AOO, it sometimes lacked the locational 

accuracy and precision needed to create fine scale ecological analyses, thus resulting in 

somewhat coarse but potentially relevant conclusions. 

Keywords: Extent of occurrence, area of occupancy, presence-only data, snowshoe hare, 

Canada lynx, Bayesian hierarchical models, maximum entropy 

 

PREFACE 

Dissertation Chapters 2 through 4 are presented in manuscript format but have yet to be 

submitted to a specific scientific journal so the format is the same for all chapters. Each 

data chapter in this dissertation is the result of collaborations with other researchers and I 

therefore use the plural “we” throughout the manuscript chapters.  
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CHAPTER 1 

GENERAL INTRODUCTION 

Objective and Outline 

Measuring population persistence in the face of environmental changes is one of the 

primary goals of wildlife ecologists. Answering questions about these changes requires 

determining a species’ distribution or abundance and then tracking changes in those 

values over time. While abundance is often considered the desirable currency to quantify, 

a species existence in space and time it can be difficult and costly to measure with any 

accuracy (Royle and Dorazio 2008). Conversely, distribution or occurrence are often 

more feasible to calculate but can lack the accuracy and precision needed to effectively 

track changes in persistence (Scott et al. 2002, Gaston 2003). Abundance and distribution 

though are not independent of each other and thus capitalizing on this relationship can 

lead to the development and employment of methods that may serve as proxies for 

understanding population persistence and abundance from data sets comprised largely of 

occurrence locations (Gaston et al. 2000, He and Gaston 2003).   

The goals of my PhD research are to use occurrence data from North American fur 

harvest records and museum collections to examine changes in occupancy and 

distribution patterns of two iconic Canadian species, the Canada lynx (Lynx canadensis) 

and the snowshoe hare (Lepus americanus), to correlate patterns with changes in 

environmental variables, and to understand what pattern variations may mean for species 

persistence over time. Though the availability of extensive ecological time series data 

compiled from Canada lynx and snowshoe hare fur harvest records has allowed 



2 
 

researchers to examine predator-prey cycle dynamics across their range, surprisingly little 

has been done using harvest or archival collection data to relate the spatiotemporal 

statistical aspects of their abundance fluctuations to changes in occupancy (Ranta et al. 

1997, Cattadori et al. 2003).  To help reduce this knowledge gap, I compiled over 25 

years of Canada lynx and snowshoe hare occurrences from harvest or archival collection 

records to create an extensive data set from which to model how variation in abundance 

over time and space is reflected in Extent of Occurrence (EOO) and Area of Occupancy 

(AOO) patterns. The EOO of a species considers the edges or outmost limits of a species 

range, while the AOO is the area over which a species is distributed regardless of how 

widely spread its population elements might be (Gaston 2003).  I then quantified these 

patterns with two very different but complementary species distribution modelling 

algorithms (i.e., niche based maximum entropy and hierarchical occupancy).  

Both algorithms produce summaries of current and future habitat suitability and lend 

themselves to the use of occurrence data, but each provides a slightly different approach 

to modelling distribution patterns (Guisan and Thuiller 2005, MacKenzie 2006). Niche-

based models do not account for imperfect detection but readily accommodate population 

parameters such as dispersal and abundance (Engler and Morris 2009, Ehrlen and Guisan 

2015). Conversely, occupancy models account for imperfect detection but exclude 

specific ecological processes (Comte and Grenouillet 2013, Merow et al. 2014). In this 

chapter, I describe the data, the base models used to analyze such data and I introduce the 

spatiotemporal components that will be added to those models. Chapter 2 uses a niche-

based model to explore changes in the EOO of snowshoe hare under current and future 

climate scenarios. The model reveals that abundance fluctuations caused by population 
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cycles affect the EOO for this species at both the northern and southern extent of its 

range. Snowshoe hare are an important prey species within the North American boreal 

ecosystem and understanding changes in their distribution and abundance has important 

management implications for boreal forest conservation (Krebs 2011).  Chapter 3 

compares an occupancy model for Canada lynx based on fur harvest data to one 

developed using a more traditional presence/absence technique based on snow track 

surveys. Harvest records are commonly used to develop population indices for game 

species but can have inherent data quality and bias problems (Ranta et al. 2008, Knauer et 

al. 2010). Use of harvest data is much less common in occupancy models thus prior to 

developing the more spatially and temporally complex model presented in chapter 4 it 

was important to validate the technique against the more traditional method. The harvest-

based occupancy model tested in chapter 3 predicted lynx occurrence slightly better than 

the snow track method and as such suggests that the long-term data available from fur 

harvest records may be an important data source for reliable AOO determinations.            

Chapter 4 broadens the approach taken in chapter 3 to a larger portion of the Canada lynx 

distribution and extends it over 27 years of harvest data. In this chapter, I used a dynamic 

occupancy model to investigate whether AOO for lynx changed over time.  I concluded 

that occupancy for Canada lynx varies dramatically between time periods but that there is 

lack of consistency in the environmental variables putatively driving the changes. The 

models also indicate that the time required for occupancy values to shift between high 

and lows may be longer than those observed in harvest bag numbers, thus suggesting 

longer periods of data might be needed when assessing harvest impacts and regulations.     
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Chapter 5 summarizes the main results from chapters 2-4 and identifies both potential 

resource management implications and future research directions.   

 Species Occurrence Data in Ecology 

Observations of species occurrences are a readily available and common data form 

used for modelling species distributions and species/habitat relationships.  Occurrence 

data fall into two broad categories: those derived from predetermined sampling schemes 

(atlases, research and monitoring programs) and those collected ad libitum, albeit with 

some predetermined structure and intent (museum collections, harvest); (Rondini et al. 

2006). Occurrence data are generally economical to collect, available, easy to use, and 

have a low rate of commission errors (Graham et al. 2004, Royle and Dorazio 2008). 

While occurrence data collected using more structured monitoring programs have the 

advantage of minimized omission errors, they often are of limited spatiotemporal 

coverage and may present only a snapshot of a focal species range or occupancy 

dynamics.  

Occurrences derived from museum collections and harvest records cover broad 

spatiotemporal extents but are usually comprised of presence-only records and thus 

potentially contain a high degree of omission errors (Graham et al. 2004, Rondini et al. 

2006). Despite the issue of omission errors, museum and harvest records provide an 

excellent source of data to model changes in a species EOO and AOO when the 

appropriate spatial algorithms are used.  The snowshoe hare and Canada lynx data used in 

this thesis are prime examples of the spatiotemporal breadth of this type of data.  The 

snowshoe hare occurrences were extracted from several North American museum data 

bases and resulted in 650 unique range-wide location points spanning 100 years.  Canada 
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lynx locations were obtained from twenty-seven years of fur harvest records produced 

over 30,000 total occurrences in the Canadian provinces of Ontario and Manitoba.  

Until somewhat recently, logistic regression was the primary method for creating 

species distribution models from presence/absence data (Scott et al. 2002). The logistic 

regression method alone though does not account for either issues with spatial 

autocorrelation or factors influencing non-detections (Royle and Dorazio 2008). Both the 

museum and harvest data can suffer from issues of spatial autocorrelation as well as non-

random sampling. Ignoring issues of non-independent locations may lead to incorrect 

model selection caused by overestimating the importance of certain predictor variables 

(Moore and Swihart 2005). While the snowshoe hare data were presence-only, the lynx 

harvest records could be construed as presence-absence data-based on their annual 

collection from the typically the same individuals along the same trap routes. Thus, for 

the most part, recorded non-harvest can be accepted as absence as long the non-detection 

bias is accounted for in the model along with spatial autocorrelation. This distinction 

allowed for the lynx data to be used in an occupancy modelling framework that accounts 

of detection probability rather than the maximum entropy niche model used for the 

snowshoe hare. Regardless of the modelling framework, the model outputs resulted in 

probabilities of occurrence for both species. 

Ecological Niche models for Snowshoe hare  

Presence-only data require a mathematical approach that specifically addresses several 

inherent statistical biases caused by the lack of absence locations (Pierce and Boyce 

2006).  I selected a maximum entropy non-linear model (Maxent) for use with the 

snowshoe hare museum data.  Maxent both handled the statistical bias caused by uneven 
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sampling, spatial autocorrelation and absence of prevalence information; it also allowed 

the modelling of both current and future distributions (Elith et al. 2011).  Maxent 

produces an occupancy probability density function based on the relationship between 

presence locations and the environmental predictor covariates. Absence of prevalence 

information can result in biased occupancy values that do not solely represent the 

occurrences based on sampling effort. Maxent reduces this effect by calculating a ratio of 

the density of the covariates at the known locations to the density of the covariates across 

the site. The log of this output is considered a logit score and an intercept is calibrated so 

that the resulting value represents the probability of occurrence under average 

environmental conditions. A detailed description of the Maxent model can be found in 

Elith et al. (2011).  

Two primary criticisms of ecological niche models (ENMs) that predict range shifts 

are the tendency for the models to be overly complex and the exclusion of biophysical 

population parameters such as dispersal or abundance fluctuations (Warren and Seifert 

2011, Bodcedi et al. 2012, Merow et al. 2013).   I addressed concerns of model overfit by 

tuning and evaluating the Maxent outputs with the R package ENMeval (Muscarella et al. 

2014, Radosavljevic and Anderson 2014).  A perhaps greater concern is increasing the 

ecological relevance of ENMs through incorporating species specific biophysical 

information (Peterson et al. 2015). Including biophysical information transforms the 

initial fundamental niche output of an ENM model into a model representing both the 

fundamental and the realized niche (Dormann et al. 2012, Peterson et al. 2015).   I 

included dispersal and abundance fluctuations in the projected snowshoe hare 

distributions with a cellular automaton mechanistic model developed from the R package 
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MIGCLIM (Engler and Guisan 2009, http://www.R-project.org). The abundance 

fluctuation models simulated both spatial and temporal heterogeneity in snowshoe hare 

range dynamics. Abundance fluctuations were synthesized-based, long-term data sets of 

snowshoe hare cycles in the Yukon and were adjusted to incorporate geospatial lags and 

cycle amplitude variation (high and low).    

Occupancy models for Canada Lynx 

An occupancy model assumes that N sites from the desired area of inference are 

randomly and independently sampled and include multiple independent surveys of each 

of the sites. On each survey j of each site i, the species of concern is either detected or not 

detected. If the species is detected on at least one survey of the site, then that site is 

considered occupied with the understanding that this is true only if there are no false 

positives. If the species is not detected, then either that site is not occupied, or it is 

occupied but the species was not detected. We incorporated site specific variables, such 

as vegetation composition into the probability of occurrence model with a logit or probit 

link (Royle and Dorazio, 2008; Johnson et al., 2013). Estimates of the occupancy 

parameters in the hierarchical models used in this thesis used a probit link and were 

obtained from posterior distributions informed by uninformative priors. The probit link 

was selected as it eases the posterior distributions generated by thousands of model 

iterations, following a burn-in period. The iteration produced median values of the 

posterior distributions were expressed as 95% credible intervals. The above stated 

sampling assumption and parameter estimation format was used for both the Canada lynx 

single season (Chapter 3) and multi-season (Chapter 4) occupancy models. The multi-

season occupancy models used in Chapter 4 compared changes in occupancy over 
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multiple time step iterations thus taking a dynamic approach to lynx occurrence patterns 

by relating previous state of occupancy to subsequent occupancy values (MacKenzie et 

al. 2003).  

Chapters 2-4 described quantitative assessments of changes in snowshoe hare and 

Canada lynx distribution and occupancy over time. The results presented in these 

chapters fulfilled the objectives of this thesis through the application of large occurrence 

data sets covering broad spatial and temporal extents to spatial models. The models 

subsequently produced results that highlighted historic and future patterns of change. 

Examination of these patterns both quantitatively and qualitatively provided insight into 

which environmental variables may be driving the changes and the geographic areas that 

may be important core areas of abundance and high probabilities of occurrence.  
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Chapter 2 

 

Cycle amplitude fluctuations and extent of range boundary shifts in cycling 

populations 

 

Abstract: Habitat alteration caused by changes in climate and land use can shift range 

boundaries for many species. Population abundance is a useful but often elusive element 

in determining the extent and location of range shifts. Abundance datasets over large 

extents are difficult to obtain but occurrence locations used along with complementary 

information on how a species is spatially arranged or aggregated can be used to derive 

occupancy values that function as a relative proxy for abundance.  We used over 600 

unique occurrence locations for snowshoe hare (Lepus americanus) across their range to 

fit maximum entropy-based ecological niche models and developed current and future 

distribution maps for the species based on expected changes in bioclimatic conditions. 

We created niche models that represented current and project future climate scenario 

distributions for snowshoe hare as well as models that incorporated a simulated snowshoe 

hare population cycle at variable amplitudes. The amplitude models allowed us to 

investigate how abundance, as represented through our occupancy based proxy, affected 

range shifts. We found that fluctuations in our occupancy/abundance affected both the 

distance and the rate at which range boundaries expanded or contracted and there was a 

significant difference between the 3 cycle amplitude scenarios. As occupancy/abundance 

fluctuations increased, range expansion diminished both in extent and rate. Differences in 

the extent of expansion/contraction between the 3 occupancy/abundance variations was 

greatest along the southern trailing edge of the range and least at the northerly range 
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expansion edge. Though our model results represent a coarse and relative approximation 

of abundance, they reveal that fluctuations in abundance can affect the extent to which a 

species or population is able to successfully invade new or altered habitats. Our results 

help further the work on a species’ ability to shift its range and for snowshoe hare and 

other cyclic species and it highlights the uncertainty caused by fluctuating abundance on 

range shift success.  

Key words: Snowshoe hare, climate change, range shifts, invasion models, cyclic 

species, ecological niche models. 

Introduction 

Anthropogenic changes to landscapes and climates are expected to accelerate 

shifts in distribution and declines in the abundance of many species (McGill et al. 2014, 

Cook et al. 2015). A growing number of studies call for deeper investigation of the 

interplay between abundance and distribution, because such insight will facilitate our 

ability to assess the ecological consequences of environmental change (Travis and 

Dytham 2012, Travis et al. 2013, Ehrlén and Morris 2015).  While extinction and 

colonization have long been identified as important determinants of shifting distributions, 

emerging research has suggested that range limits are also directly influenced by 

fluctuations in abundance (Gaston and Fuller 2009, Sutton and Morgan 2009). 

Consequently, understanding more about the role that abundance plays in spatio-temporal 

population shifts across changing landscapes should be a research priority (Huntley et al. 

2010, Supp and Ernst 2014).  Yet, to date, empirical studies of the abundance-range 

margin relationship are few (Walter et al. 2015). The paucity of studies is caused in part 

by the complexity of conducting long term abundance monitoring of species over broad 
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spatial extents. When such data sets are available, they often are comprised of 

presence/absence data, rendering difficult any inference about abundance (Merow et al. 

2014).  

A relationship though exists between occupancy and abundance and alternatively 

provides options for using presence/absence datasets in determining relative abundance 

for many species (Gaston 1999, Royle and Nichols 2003). The occupancy abundance 

relationship is not strictly linear but is generally positive with higher occupancy equating 

with high abundance; thus as occupancy changes so should abundance (Gaston 2000). 

Yet occupancy alone is not a suitable proxy for abundance and existing probability of 

occurrence models must be supplemented with other population characteristics such as 

demographics, habitat suitability and dispersal distances (Freckleton et al. 2005, Boyce et 

al. 2015, Tingley et al. 2015). We capitalized on the relationship between occupancy and 

abundance by adding complementary ecological information (dispersal distance, barriers, 

simulated spatiotemporal changes in abundance and habitat suitability) to an existing 

probability of occurrence model framework, thus allowing occupancy to function as a 

relative proxy for abundance.  

Much of the existing research relating range shifts to population demographics 

relies primarily on simulations (Ehrlén and Morris 2015). These simulated scenarios 

indicate that abundance may influence range edge shifts by affecting success in 

expansion and establishment at the leading edge of a range or conversely maintaining 

populations at the trailing edge (Gaston et al. 2000, Werner et al. 2014). Abundance can 

also be affected by landscape-level processes, such as changes in the availability and 
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structure of suitable habitat, thus further relating abundance and range shifts (Tscharntke 

et al. 2012, Boyce et al. 2015).  

Metapopulation and niche theory concepts are often used as the primary 

theoretical connections between range formation dynamics and abundance, but some 

consider this approach as overly broad (Mustin et al. 2009, Kubisch et al. 2014b).  An 

alternative method of framing and investigating questions on the link between abundance 

and distribution is by including in the conceptual process the more mathematical biology 

aspects of population dynamics (Altweg et al. 2013, Kubisch et al. 2014, Williams et al. 

2017).  To date most ecological applications of a more mathematical population 

dynamic-based platform have been in the field of invasion ecology and have focused on 

range expansion rates of introduced plants and animals into historic or current landscapes 

(Veldtman et al. 2010, Walter et al. 2015).  Range shifts are functionally described as 

travelling waves of varying periodicity and amplitude that influence the invader’s 

distribution (Keitt et al. 2001, Walter et al. 2015). Stochastic fluctuations in the 

population’s growth rates can alternately inhibit and expand invasion fronts. Increases in 

abundance cause expansion; decreases cause contraction and the dampening or 

interruption of the invasion wave’s amplitude and periodicity results in a consistent rate 

of spread (Neubert et al. 2000, Walter et al. 2015). The population growth curves 

governing the wave patterns exhibit dual points of stability as abundance falls above and 

below the demographic thresholds needed to advance the expansion front (Fig 2.1a) 

(Keitt et al. 2001, Roques et al. 2012).  

Growth curves are not unique to invasion ecology and are a typical means of 

describing regular periodic abundance fluctuations such as those found in so-called 
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“cyclical species” (Ginzburg and Akçakya 1992, Witting 2000) (Fig 2.1b-d).  There are 

qualitative and quantitative similarities in the growth curve patterns produced by 

population dynamics and species invasions models. If the invasion success of introduced 

species is facilitated by waves in abundance, then we were interested whether species 

which “naturally” demonstrate regular periodic abundance fluctuations have any 

ecological advantage when it comes to tracking potential anthropogenic induced changes 

at their range margins. Second, since wave amplitude can vary in cyclical species, we 

asked whether variation in amplitude affects the extent or rate of range shift (Walter et al. 

2015). Finally, because cyclic species demonstrate spatiotemporal lags in their cycles, we 

tested whether asynchrony in wave patterns modifies the extent or rate of range shift 

(Lambin et al. 1998, Sheratt 2013). We studied these questions and then assessed the 

potential ecological implications of the resulting invasibility on cyclic species in a  

climate-altered environment. 

The snowshoe hare (Lepus americanus) is an example of a species that undergoes 

natural fluctuations in abundance or population cycles ranging from 7-11 years; it 

provided a potential model species to investigate our questions about the effect of 

abundance fluctuations on range shift (Krebs et al. 1986, Krebs 2011). Snowshoe hare 

have a broad distribution across the boreal forests of North America and exhibit range-

wide spatial variation in cycle amplitude as well as spatiotemporal lags in cycle 

occurrence (Smith 1983, Ranta et al. 1997, Krebs et al. 2013) additionally, as a well-

studied cyclical species, they provide not only an established link to population dynamics 

models but access to robust long-term demographic data sets.  We used a temporally 

extensive abundance dataset for snowshoe hare and presented a novel examination of the 
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potential effects of abundance fluctuations over time on range edge dynamics. We 

employed a common ecological niche modelling (ENM) approach and described the 

species’ range as a function of its bioclimatic niche (Peterson et al. 2011). This approach 

allowed us to take advantage of the extensive range of existing ENM techniques and 

provided a background for assessing the effect of future climate scenarios on range 

dynamics. We used a population dynamics framework to examine the mechanism of the 

range shift and integrated it with metapopulation concepts to provide a comprehensive 

approach to the analysis.  In this paper, we tested whether the presence and amplitude of 

cycles in snowshoe hare abundance affect the extent of invasion into previously 

unoccupied habitat.  We also tested whether cycle asynchrony affects the expansion 

extent at range margins.  

Methods 

Study Area 

We added a 200 km buffer to the snowshoe hare’s current range map suitable habitat 

and set this area as our study region. (Fig.2) (www.natureserve.org, Patterson et al., 

2007).  Two hundred kilometers exceeds the average dispersal distance (2 km) of 

snowshoe hare by 100 times but reduced potential omission errors arising from the use of 

archival data and range contractions while addressing issues related to the background 

extent on model selection (Rodriquez-Castañeda et al. 2012). Future distributions were 

projected over the full extent of the United States and Canada to create a suitable 

modelling surface for our subsequent range dynamics models. 

 

 

http://www.natureserve.org/
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     We searched museum databases via MaNIS (www.manisnet.org) for unique snowshoe 

hare occurrences (n=650) within the buffered range map.  We georeferenced occurrences 

1900-2014 where current aerial imagery suggested habitat has potentially remained 

suitable for snowshoe hares.   Snowshoe hares require habitats with the potential for 

dense lateral cover within both boreal and mixed conifer forests to maintain viable 

populations (Hodges 2000a, Hodges 2000b).  Given the previously listed basic habitat 

components needed for snowshoe hare population viability, and the expected general 

response of a species to habitat fragmentation, we removed presence records (n= 32); 

(Betts et al. 2006) falling within predominantly (90% or greater) intensive agricultural or 

urban land using 10 km x 10 km raster pixels land cover maps (Arino et al. 2012, Klein 

Goldewijk and Verburg 2013). All removed occurrences had pre-1960 observation dates.  

We corrected for potential effects of sampling and collection bias on model fit by 

filtering occurrences with a 50 km x 50 km grid across the study area (Brown 2014). The 

final data set used for model fitting consisted of 364 range-wide locations with no more 

than one point per filter pixel and no less than 50 km between occurrences falling within 

adjacent cells (Radosavljevic and Anderson 2013, Fourcade et al. 2014).  All spatial 

preparation of data or results was carried out in ArcGIS 10.3(ESRI). Location points used 

to fit the Maxent model are mapped in Appendix B. 

Environmental data 

We selected abiotic and biotic variables to include in the current and projected ENM 

from the standpoint of both ecological and forward projection suitability. Variables used 

to predict suitable habitat for snowshoe hare under current and future climate conditions 

consisted of Advanced Very High Resolution Radiometer (AVHRR) continuous tree 
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cover grid (DeFries et al. 2000), soils from the Food and Agriculture Organization (FAO) 

Harmonized World Soil Database (HWSD) (www.fao.org/nr/land/soils/harmonized-

world-soil-database/en) and   8 bioclimatic variables from the WorldClim database 

(Hijmans et al. 2005):  annual mean temperature, temperature seasonality, maximum 

temperature warmest month, minimum temperature coldest month, annual precipitation, 

precipitation seasonality, precipitation of the warmest quarter and precipitation of the 

coldest quarter. We selected these 8 variables a priori based on ecological relevancy for 

snowshoe hare (Peers et al 2014) and their minimal collinearity (Pearson’s correlation 

values |r| <0.7) (Barbet-Massin and Jetz 2014, Warren et al. 2014).  

Future environmental suitability was modeled using data from two general 

downscaled circulation models (GCMs) climate grids: the Canadian Centre for Climate 

Modelling and Analysis (CCMA) model (CGCM3) and the Commonwealth Scientific 

and Industrial Research Organization model (CSIRO) mk3.5 (Ramirez and Jarvis 2008). 

Future climate grids represented the A2 emissions scenario as generated by the third 

Coupled Model Intercomparison Project  (CIMP3) scenario  and was downloaded for the 

10-year time blocks, 2020 - 2080 (Climate Change, Agriculture and Food Security, 

(www.ccafs-climate.org). We selected 10-year blocks as they are temporally more 

relevant to the duration of the snowshoe hare cycle.  All variable layers were resampled 

to 10 km x10 km grid cells. We opted to use the slightly older CIMP3 rather than the 

more recent future climate projection models available under CIMP5 because much of 

the current literature on biological impacts from climate change is based on CIMP3 

models and little had been done to evaluate the importance of differences between the 

two GCMs on the predicted biological impacts (Wright et al. 2016). The evaluations that 

http://www.ccafs-climate.org/
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have been completed indicate that while the CMIP5 models perform better in simulating 

precipitation, the CMIP5 temperature predictions are similar to CIMP3 models 

(Koutroulis et al. 2016).  

Distribution modelling  

While there is no overall conclusion on which single ENM algorithm produces the 

most accurate species distribution forecasts, it has been shown that a variety of non-linear 

models (e.g. Maxent, Random Forests, boosted regression trees) consistently perform 

well for modelling both current ENMs and ENMs involving transfer across space or time 

(Elith et al. 2011, Smith et al. 2013).  Perhaps more important than the particular 

algorithm selected is the level of attention paid to minimizing bias and collinearity in the 

input variables and to model-specific tuning to minimize overfitting (Rodríguez-

Castañeda et al. 2012, Varela et al. 2014).  We used a maximum-entropy algorithm 

(Maxent 3.3.3k; Phillips et al. 2006) to model the current and future environmental 

suitability of the study area for snowshoe hare.  While Maxent generally performs well 

for developing ENMs, a number of recent studies has demonstrated the sensitivity of 

Maxent’s performance to model specification (Dormann et al. 2012, Warren et al. 2014). 

Primary concerns revolve around the reliance on using default settings and the resulting 

overly complex (overfit) and ultimately poorly performing models (Warren and Seifert 

2011, Merow et al. 2013).  To address these concerns, we used R package ENMeval to 

tune and evaluate the resulting Maxent derived ENMs (Muscarella et al. 2014, 

Radosavljevic and Anderson 2014). A complete description of the process and outcome 

of our model selection is given in Appendix C. 
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Population cycle models  

     Models to simulate amplitude/abundance fluctuations on future distributions were 

developed using the R package MIGCLIM (Engler and Guisan 2009, http://www.R-

project.org). MIGCLIM is a cellular automaton mechanistic model that enables the 

inclusion of species-specific demographic attributes such as dispersal and reproductive 

maturity as well as potential habitat suitability constraints and barriers into projections of 

ENM under environmental or landscape change scenarios (Engler and Guisan 2009). We 

modeled the system with MIGCLIM as it included both options to define movement 

between areas of suitable habitat via dispersal and allowed spatiotemporal variation in 

habitat values. The MIGCLIM model framework also allowed us to set both snowshoe 

hare-specific dispersal distance (1-2 km) and dispersal barriers and quantify the 

association between changes in habitat suitability, occupancy and population density 

(Boyce and McDonald 1999, Johnson and Seip 2008, Boyce et al. 2015). These model 

input attributes thus provided a general, albeit simplified, framework for correlating 

abundance to habitat suitability and a context in which we could investigate how 

abundance fluctuations may affect snowshoe extent of occurrence (EOO). Two primary 

types of occupancy- linked abundance fluctuation models were simulated using 

MIGCLIM. One model simulated range dynamics with a constant level of abundance 

(spatial heterogeneity alone); one simulated range dynamics with variable abundance 

(spatial and temporal heterogeneity). The variable abundance models were based on a 

generalized snowshoe hare cycle and adjusted to incorporate both spatial lags and 

amplitude variation (high and low).   All models were created using the seven 10-year 

time block Maxent ENMs (2020-2080) output rasters and converted to the appropriate 
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integer format for running in MIGCLIM.  We ran all models without designating a 

habitat suitability threshold. This allowed us to compare invasibility at a consistent level 

between all models (Engler and Guisan 2009).  

Cycle based models 

Cycle amplitudes values were based on over 20 years of data on hare density collected 

through the Kluane Community Ecological Monitoring Program (CEMP) 

(www.zoology.ubc.ca/~krebs/kluane).  Due to the limited spatial coverage of the Kluane 

density data and the variability of hare densities across their range, we opted to look at 

the relationship between density and habitat change as a proxy for hare abundance (Smith 

1983, Ranta et al. 1997, Krebs et al. 2001, Krebs et al. 2013). As we were ultimately 

interested in the effect of abundance in light of environmental changes, this also seemed a 

more suitable metric than raw hare density values. ENMs produce a raster map of habitat 

suitability values and the resulting values can be used to infer relative abundance (Boyce 

and McDonald 1999, Johnson and Seip 2008, VanDerWal et al. 2009, Telleria et al. 

2012, Boyce et al. 2015). We transformed the Maxent 2020-2080 output rasters into 

proxies for snowshoe hare cyclical dynamics by capitalizing on the positive relationship 

between snowshoe hare abundance and the quality of and quantity of available forage 

(Liu et al. 2012, Krebs et al. 2013). 

Though certainly not explaining all mechanisms behind changes in cycle amplitude, a 

relationship has been documented between forage and hare abundance over time (Hodson 

et al. 2011, Liu et al. 2012, Krebs et al. 2013, Tape et al. 2015). To validate a similar 

relationship in the Kluane data, we regressed log-transformed values of average seasonal 

hare density against the same season’s percent complete browse for birch (Betula 



25 
 

glandulosa) and willow (Salix glauca).  Based on the reasonably strong relationship (for 

birch) we created our “high” and “moderate” amplitude cycles based on annual percent 

total birch browsed values from cycle periods, 1985-2001 and 2002-2012, respectively. 

We selected birch rather than willow because of the reasonably stronger relationship 

between hare density and browse values for birch (r2 = 0.62) compared to willow (r2 = 

0.20). (Appendix C) This translated to an inverse relationship between peak abundance 

and habitat value. The peak abundance portion of the cycle is represented by the lowest 

habitat values and the lowest abundance by higher habitat values.  Examples of 

population cycles in nature are not symmetrical in the increase and decline phases 

(Cornulier et al. 2013, Millon et al. 2014) but for of our modelling we created 

symmetrical 9-year trough to trough patterns. Based on the annual percent browse data, 

we used multiplier values of 0.45, 0.60, 0.70, 0.85 for the increase and decrease portion 

of the moderate amplitude cycle and 0.14, 0.23, 0.44, and 0.67 for the high amplitude 

cycle. Both cycles peaked at full value before beginning the downward phase.  We 

multiplied each 2020-2080 decadal block by each of these values to create a 9-year cycle 

for each block.  Snowshoe hare cycles are often asynchronous across the species’ range 

(Smith 1983, Ranta et al. 1997, Krebs et al. 2013). We simulated asynchrony by dividing 

the study area into three polygons along north-south running US state and provincial lines 

and then used the three polygons to extract an eastern, central and western block from 

each of the cycle modified 2020-2080 ENMs rasters.  We created new raster mosaics for 

use in the time lag analyses that were each comprised of eastern, central and western 

blocks that were each 2 cycle steps apart.  
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Prior to running final iterations for future climate scenario projected models, we 

conducted a sensitivity analyses to determine whether cycle order (trough to trough vs. 

peak to peak) affected MIGCLIM model output.  We ran five iterations of each model 

type and compared the output cell counts for the reversed order pairings with a t-test. We 

additionally tested for spatial differences by comparing the raster outputs in in ArcGIS 

10.3 Spatial Analyst. We expected that if cycle order did not result in predicting 

statistically or spatially dissimilar occupied areas, then cycle order was not important. We 

ran 10 iterations for each final abundance model and compared the total km2 of suitable 

occupied (invaded) cells for each model output using an ANOVA to test for within-and 

between-group differences and a t-test with unequal variances to verify between group 

pairings.  

Results  

Range boundary shifts  

Cycle amplitude and hence variation in the magnitude of abundance change had a 

clear effect on the areal extent that snowshoe hares could invade future potentially 

suitable habitats (Fig. 2.2).   Based on the change in range boundary between the initial 

current and future Maxent model output and the subsequent MIGCLIM enhanced model 

output, we found that the consistent abundance models (no cycle) had the largest extent 

of range expansion (35,577 ± 44 pixels invaded (mean ± SE)). Each pixel is equal to 10 

km2. Moderate abundance fluctuations (low amplitude cycle) scenarios decreased the 

expansion extent by 11 percent and high abundance fluctuations (high amplitude cycle) 

scenarios decreased snowshoe hare range edge expansion by 22 percent. There was a 

significant difference in total expansion extent between the three scenarios (F1,9 = 946.9, 
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p < 0.0001). Our sensitivity analyses found no spatial or significant statistical differences 

caused by cycle order; spatial comparisons of cycle order iterations were identical for all 

expansion scenario outputs. We also found no effect of spatio-temporal time lag from the 

induced wave on the snowshoe hare’s range expansion potential. The lagged wave 

models consistently produced slightly more invaded pixels but were not statistically 

different from cycles without lags.   

     When we quantified range shift extent according to location (e.g. either the leading 

edge [northern] or trailing edge [southern] of the snowshoe hare’s current range) we 

found patterns like those described above for the composite area (Fig 2.2). The leading 

edge of the range, where climate-induced ranges are predicted to increase rather than 

recede for many boreal species, resulted in greater areal range expansion for all snowshoe 

hare abundance/ amplitude models compared to the trailing edge. Additionally, there was 

comparatively less difference between the three invasion extent models at the leading 

edge than at the trailing edge.  Simulations of snowshoe hare populations without 

abundance cycles expanded their range an average of 22,310 ± 29 pixels along the 

leading edge. This represents an expansion extent of 68% greater than along the trailing 

edge.  Comparatively, moderate and high amplitude cycles areal expansion along the 

leading edge was 86% and 95% higher than along the trailing edge, respectively. 

Comparing the three scenarios we found the moderate amplitude cycles were 7 % less 

invasive than non-cycling populations and high amplitude cycles reduced invasibility by 

16 % at the leading edge. Models representing snowshoe hare populations without 

cycling resulted in range expansion of 13,267 ± 42 pixels at the trailing edge of their 

range. Models representing a moderate amplitude cycle for snowshoe hare decreased the 
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range expansion area by 16.5 % while models representing high amplitude snowshoe 

hare cycles had range expansion around 31.5 % smaller than non-cycling population 

models. 

Invasion Rate Decline 

We compared decline in the range expansion rate between amplitude scenarios (i.e., 

the average number of pixels invaded over time) over the 7 cycle periods to further 

understand how simulated changes in abundance affected snowshoe hare range dynamics. 

We found that for all scenarios the invasion rate generally decreased over time (Fig 2.2 a-

d).  While high amplitude cycle population models had the largest absolute difference in 

the number of pixels invaded during each step of the cycle, they also had had the lowest 

cumulative variation in incremental range edge expansion rate decline (6-11%). We 

defined incremental range edge expansion rate decline as the difference in decline rate 

from one cycle wave to another. Moderate amplitude cycle and the no cycle populations 

had incremental cumulative decline rates varying between 0-14% and 5 -15% percent 

respectively. The latter two abundance scenarios also showed slight increases in their 

decline rates midway through the 7 cycle periods (Fig.2.2 d). This did not occur with the 

higher amplitude cycle. The differences in expansion decline rate were greatest during 

the first invasion wave. Acyclic snowshoe hare invasions resulted in colonization of 35% 

(≈12,000 pixels) of the total invasion extent during the first cumulative cycle period 

compared to only 29% (≈ 7900 pixels) for the high amplitude cycle population. The 

second period produced about 19% or their respective total area colonized for all 

scenarios. The same pattern continued through the next cycle period with all scenarios 

demonstrating similar invasion rates (≈ 14%) but for the remaining 4 cycle periods the 
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areal extent colonized by snowshoe hare was higher for high and moderate amplitude 

cycles than for the acyclic population. 

 

Discussion 

We detected cycle amplitudes as the primary driver of invasion rate and extent, thus 

suggesting the possibility that snowshoe hares, and potentially other cyclic species, may 

be limited in their speed to invade new areas. We tested for the influence of cycle 

amplitude and asynchrony on the extent and rate of range edge invasions and found that 

while amplitude affected both of these aspects, asynchrony had negligible effects.  

Acyclic and low amplitude cycle snowshoe hare populations had high initial invasion 

extents which then dropped rapidly for the remainder of the modelled periods. This 
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resulted in a less consistent invasion rate over time whereas snowshoe hare with high 

amplitude cycles had a great deal of fluctuation in the area invaded but more consistent 

invasion rates over time. We also found that the greater the amplitude, the lower the total 

area invaded Fig 2.3.  By focusing on how fluctuations in abundance affect range shift 

potential (invasibility) we gained insight into how a cyclic species might fare during 

climate change. Given the role that snowshoe hare and cyclic rodents fill as a primary 

prey in boreal ecosystems (Ims and Fuglei 2005, Krebs 2011) understanding more about 

how the cycle may affect their invasibility may lead to better long term predictions of 

boreal ecosystem function. 

     A cessation or slowing in forward movement of an invasion wave is termed range 

pinning (Keitt et al. 2001). Range pinning can be caused by demographic Allee effects 

and landscape heterogeneity (Kay and Sheratt 2000, Taylor and Hastings 2005).   In our 

population model both mechanisms were plausible given that the hare cycle troughs (see 

Fig 2b) represented periods when lower abundance could have induced Allee effects and 

limited invasibility. Anthropogenic change represented by our ENMs increased landscape 

heterogeneity.  Snowshoe hares in the acyclic model had constant abundance behind the 

invasion front and successfully colonized all suitable habitats within their dispersal 

distance. Their invasion rate rapidly declined as the majority of the available resources 

were depleted in the first invasion wave and then subsequently increased as more suitable 

habitat was available toward the end of the periods.(Fig 2.3 a,d) The acyclic population’s 

invasion rate and extent were primarily reliant on the degree of habitat heterogeneity and 

suitability rather than on demographic values, although this might not hold true if initial 

abundance levels were low enough to prevent successful dispersal (Dwyer and Morris 
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2006). Snowshoe hare with moderate amplitude cycles had an invasion extent and rate 

decline pattern (Fig 2.3 b,d)  similar to both the acyclic and high amplitude populations 

suggesting perhaps demographic Allee effects and habitat heterogeneity played an equal 

role in shaping the extent and rate of invasion. While suitable habitat had some role in 

shaping invasion rate and extent for the high amplitude population, our results (Fig 2.3 

c,d) indicated that population demographics likely have greater influence than habitat 

heterogeneity in the species invasibility (Neubert et al. 2000, Dwyer and Morris 2006).  

“Range pinning” effects can be reduced or negated by spatiotemporal asynchrony in 

cycle waves and should decrease the extent of invaded space (Neubert et al. 2000). We 

tested for the effects of spatiotemporal asynchrony with our snowshoe hare models but 

found no significant effect, though there was slightly more invasibility when asynchrony 

was included. Failure to produce a significant effect could be the result of the ratio of our 

time lag (2 years) to our cycle length (9 years) or our use of a constant lag period across 

the range.  We possibly did not introduce enough disturbance to alter the cycle pattern. 

Snowshoe hare do not always have a 2-year lag, but to simplify the model we used a 

uniform value (Smith 1983, Ranta et al. 1997, Krebs et al. 2013).   Spatiotemporal lags in 

cyclic invasive species such as gypsy moths significantly increase invasion distance but 

the lag wave peaks were further offset from the initial pulse compared to our lag period 

(Johnson et al. 2006, Walter et al. 2015). Additionally, the introduction of a disturbance 

parameter sufficient enough to break the wave pattern is scale-dependent and the effects 

of the 2-year blocks of spatiotemporal heterogeneity we introduced were perhaps 

negligible given the high degree of heterogeneity created by our future climate models 

and the large size of the study area (Sherratt et al. 2002). Asynchrony is also scale-related 
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for snowshoe hare (Krebs et al. 2003) so it is also possible our three geographic blocks 

were too coarse to accurately test for the effect in our models.  

Distribution shifts are expected to have a predominant poleward trend for many 

species with reduced potential available niche space along the trailing edge (Chen et al. 

2011) and, as predicted, our models had positive but less extensive range expansion along 

the trailing edge compared to the leading edge.  The constant abundance population 

model though had a proportionally greater invasive ability along the trailing edge than at 

the leading edge when compared to the two cyclic populations. This modeled scenario 

could equate to existing instances of cycle dampening and the ability of snowshoe hare to 

invade into or persist in suitable habitat. Snowshoe hare tend to exhibit both lower 

abundance and dampened cycles at the southern extent (Hodges 2000a, Hodges 2000b) as 

do many other cyclical prey species (Hörnfeldt et al. 2005). Population cycle dampening 

has been the focus of multiple studies as the reasons for and implications of the decline 

are varied and not completely understood (Ims et al. 2008, Cornulier et al. 2013). Though 

cycle dampening may affect overall trophic structure by changing prey availability for 

specialist predators, our results suggest that amplitude decline or loss may not always 

result in increased extinction likelihood under climate change for cyclic prey species and 

may imply some positive benefits for range distribution shifts. 

 There are two primary topics to contemplate when considering our results. First, 

our research was focused on how abundance affected invasibility; thus our range 

expansion and contraction predictions may vary from models focusing solely on 

bioclimatic niche (Peers et al. 2014) and those defining the extent of range contractions 

along the trailing edge. Our models also excluded factors such as predation and local 
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climatic tolerance adaptations which may ultimately affect the invasion patterns we found 

(Best et al. 2007, Hällfors et al. 2016). In addition, the cycle fluctuation data used to fit 

out models were developed from a single geographic portion of the species’ range and 

may have over-or under-represented actual abundance fluctuations. Despite these 

limitations, our models demonstrated climate-induced range shifts for snowshoe hare that 

are not unrealistic given that snowshoe hare have already expanded their range along the 

North Slope of Alaska in the past 3 decades in response to climate warming (Tape et al. 

2015). These events have also resulted in a similar consistent range expansion and 

occupancy for Canada lynx (Lynx canadensis) (Tape et al. 2015). How well any species 

is able to track shifts in available and suitable habitat is reliant on both the speed and 

success of their invasions as well as the speed of the underlying change mechanisms 

(Berestycki et al. 2009).   

     Second, while the link between occupancy and abundance has been fairly well 

established in the literature, there are still concerns about the scale at which it applies and 

whether the relationship is suitable for all species (Freckleton et al. 2005, Tingley et al. 

2015, Williams et al. 2017). As we could not validate our models against field data, we 

cannot ascertain if an occupancy abundance model is valid for snowshoe hare; yet the 

general conclusion from studies on boreal species is that occupancy-abundance 

relationships have a higher degree of correlation for models looking at broad and coarse 

scale spatial coverages compared to local or fine scale systems (Johnson and Seip 2008, 

Steenweg et al. 2015, Linden et al. 2017). A related concern is that habitat suitability 

does not reflect abundance and thus our use of habitat changes to infer abundance may 

have rendered the patterns we observed spurious. Similar to the occupancy-abundance 
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relationship though, the habitat suitability and abundance relationship has been reviewed 

extensively in the literature (Boyce et al. 2016, Weber et al. 2017). Weber et al. (2017), in 

particular, present a meta-analysis of the relationship with a focus on ecological niche 

modelling and therefore we feel that though our results may not fully represent fine or 

local scale scenarios, they do represent putative range wide patterns. 

In conclusion, our results may help further the work on species’ ability to shift their 

ranges and, for snowshoe hare and other cyclic species, it highlights the uncertainty 

caused by fluctuating abundance on range shift success. It also demonstrates that 

abundance fluctuations have differing effects at leading and trailing range edge and 

provides further impetus to consider more regional conditions when assessing the impacts 

of anthropogenic change on species distributions.   
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Chapter 3 

Occupancy estimation of Canada lynx (Lynx canadensis) from fur harvest data 

 

Abstract: Fur harvest records present an available source of long-term presence-only 

data with which to model species occurrence. Presence-only records present statistical 

challenges based on inherent biases caused by lack of absence locations to counter 

presence records. Occupancy models are an effective method for utilizing presence-only 

locations to predict species’ occurrence. We fitted Bayesian hierarchical occupancy 

models with 10 years of fur harvest records for Canada lynx (Lynx canadensis) from 

northeastern Ontario, Canada. We then compared and validated our model results against 

an occupancy model fitted with occurrence data collected from Canada lynx snow track 

transects. Harvest data-based occupancy models predicted mean occupancy values almost 

equal to naïve occupancy values for the snow track data (45.9% and 46.9% respectively). 

Area under curve (AUC) values indicated the harvest data-based models were a better 

predictor of occurrence than the snow track data (0.85 and 0.78, respectively), yet both 

data sets resulted in comparable habitat variables predicting lynx occupancy. Generally, 

conifer habitats composed of younger aged forest stands (10-80 years) coincided with 

higher occupancy values. Fur harvest data proved suitable for modelling Canada lynx 

occurrence even when compared to more commonly applied snow track observations. 

This opens up the possibility for the successful application of fur harvest records for use 

with presence-only modelling techniques. 

Key words: Occupancy modelling, Bayesian hierarchical models, Canada lynx, fur 

harvest records 
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Introduction 

Ecologists often wish to predict the occurrence of species in space and time, and 

despite an extensive inquiry record, it remains an important research priority for 

achieving a variety of conservation and management goals (Wiens 2002). The increasing 

availability and functionality of large and multi-faceted data sets documenting a broad 

range of environmental conditions now allows ecologists to pose questions related to 

species occurrence and abundance at broader spatiotemporal scales than previously 

possible (Michener and Jones 2012). The volume, variability and accuracy of these 

extensive datasets are common areas of concern in ecological analysis. For example, 

environmental datasets that include coarse-scale species occurrence records, collected for 

entirely different purposes, may still provide a viable source of occurrence locations for 

ecological modelling.  Notwithstanding the obvious benefits associated with such 

datasets, they do present computational and other challenges, potentially limiting their 

reliability for ecological research (MacKenzie 2006, Michener and Jones 2012, Hampton 

et al. 2013). Advancements in computer hardware and processing power have reduced 

constraints specifically related to data volume, but data variability and accuracy remain 

important challenges. Yet, although these are not new areas of concern, as data volume 

grows so do the potential analytical errors associated with these two data attributes 

(Wiens 2002). Examples of potential problems associated with large datasets include 

incorrect formatting, location uncertainty, spatial and temporal bias, and lack of 

systematic sampling (Newbold 2010, Hampton et al 2013, Hastie and Fithian 2013).  It 

follows that the broader utility of contemporary datasets for investigating ecological 

questions should be more fully evaluated before such approaches become widely used. 
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Variability and accuracy issues are found with data regardless of taxa. Mathematical 

algorithms to handle some of these inherent uncertainties and biases have advanced 

rapidly over the past few years. Recent approaches include various types of niche and 

occupancy models (MacKenzie et al. 2005, Phillips and Dudik 2008, Peterson et al. 

2011). Occupancy models are notably effective when using presence-only data, as well as 

accommodating both spatial and sample volume (MacKenzie et al. 2005, Royle and 

Dorazio 2008). 

Fur harvest records are an example of a data set that may provide valuable information 

for ecological analysis. Fur harvest records represent an accessible and extensive 

repository of annually sampled, multi-species data points that could contribute to 

answering questions related to furbearer occupancy and abundance across spatial and 

temporal scales (Poole and Mowat 2001). Additionally, fur harvest records present 

researchers the opportunity to conduct broad-scale analyses economically. These data 

have been collected annually by licensed trappers for decades (and in some cases longer) 

across North America. On average, each year over 700,000 wild fur pelts are harvested in 

Canada alone, providing one of most extensive spatiotemporal wildlife sampling efforts 

in the world (Statistics Canada Fur catalog 23-013–x, CANSIM table 003-0013, 

www.statcan.gc.ca/cansim).  

Our objective in this paper was to assess whether occupancy models fitted with fur 

harvest data could accurately predict occurrence and distribution. Hierarchical occupancy 

models have been used extensively to model repeated sampling schemes for vertebrate 

species, but to our knowledge this has not been done using models fitted with fur harvest 

data. Canada lynx (Lynx canadensis) is a species studied extensively across North 
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America and affords us an opportunity to test our novel use of fur harvest-based 

occupancy models against existing models developed with data gathered and compiled 

using standardized sampling. Using lynx harvest numbers from central Ontario, Canada, 

we evaluated whether combining large, long-term spatial and temporal fur harvest data 

sets through a hierarchical occupancy framework is suitable for modelling species 

distributions. We predicted the harvest data would result in probabilities of occurrence 

that reflected lynx occupancy similar to transect survey modelled occurrence values. We 

also predicted but that our fur harvest-fitted models would contain variables similar to 

lynx habitat suitability models fitted with data collected by more standardized sampling 

methods such as transect or telemetry-based studies.  

Methods 

Study area 

      Lynx occupancy was modelled over 32,000 km2 area in central Ontario, roughly 

bounded by a polygon with the centre point near 46.75°N, -79.79°W (Fig. 3.1a).  Our 

study area included a smaller 8000 km2 study area used by Walpole et al. (2012) to assess 

lynx occupancy. This area and research provided the validation data for our occupancy 

models (Fig. 3. 1b).  Our study and validation areas ranged in elevation from 200 to 693 

m and consisted primarily of irregular topography formed by ground moraines and 

pockets of lacustrine deposits (Baldwin et al. 2000). Both areas were within the Great 

Lakes St. Lawrence forest region.  The northern portion of the study region was 

comprised of hemi-boreal forest habitat, a transitional forest type dominated by higher 

percentage of cold and fire disturbance-adapted conifers, whereas the southern portion 
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had greater precipitation, greater tree species diversity and was dominated by broad-

leafed deciduous hardwood species (Brandt 2009, Thompson 2000).  

Fur harvest data 

Fur harvest records for Canada lynx and American marten (Martes americana) were 

obtained from the Ontario Ministry of Natural Resources and Forestry (MNRF) for fall-

winter trapping seasons from 2000-2001 to 2010-2011.  Lynx were the focal detection 

species of the occupancy models and marten were used to develop a metric of trapper 

effort for the detection models.  All locations were georeferenced and mapped using 

ArcGIS 10.3 (ESRI). Presence (or absence) of harvest for any year was determined for 

each MNRF registered trapline within the study area and condensed to a binary 0 (no 

harvest) or 1 (harvest) value. Initial harvest locations for subsequent sub-sampling and 

analysis were given the latitudinal (lat) and longitudinal (long) values associated with the 

centroid of the trapline area.  We standardized the spatial occurrence of lynx harvest, due 

to variation in trapline size (15-300 km2), with a separate hexagonal polygon layer 

overlain on the study area. Lynx occurrence points were subsampled within this layer. 

Binary harvest location values were then reassigned as the lat/long values of the hexagon 

centroid. Hexagon size was the trapline median area (86.5 km2).  This area falls within 

the spectrum of known home range sizes for lynx (Burdett et al. 2007).   

Because the use of harvest data is a novel application in occupancy modeling, we 

developed a set of rules to determine trapping area centroid assignment, should more than 

one trapline centroid fall within a hexagon.   If more than one centroid occurred within a 

hexagon, then the centroid with the least percentage of the trapping area of origin from 

which it was derived was reassigned to the adjacent hexagon containing the largest 
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percentage of trapping area of origin. The same logic was applied when centroids 

straddled hexagon boundaries.  Only 5 of the 188 hexagons required reassignment of 

centroids to adjacent hexagons.   

Detection covariates 

 Detection probabilities vary with conditions that affect the ability of observers to 

detect the species of interest (MacKenzie et al. 2005).  Both abundance and 

hunter/trapper effort have been demonstrated to affect harvest numbers for numerous 

game species, but hunter/trapper effort is rarely included as a covariate when analysing 

harvest data (Banci and Proulx 1999, DeVink et al. 2011, Kalhert et al. 2015). We 

included harvest year as a categorical variable to represent detectability based on 

abundance and selected marten harvest quotas as a measure of trapper effort (Weibe et al. 

2012).  Harvest year was included based on the presence of cyclical fluctuations in lynx 

abundance and thus where a trapping season fell within the cycle may have affected 

trapper success (Stenseth et al. 1998, O’Donoghue et al. 2010).  

        There were three potential ways we could have addressed trapper effort in our 

models. We could have assigned each trapline a unique identifier, linked pelt price to 

harvest totals or used annual designated pelt quotas. The assignment of a unique identifier 

can aide in quantifying observer error when species detection is imperfect or biased 

(McClintock et al. 2010, Miller et al. 2013). It may also function to quantify trapper 

effort. Pelt price can affect harvest but is typically a global effect, thus we did not expect 

it to present any discernable effect at the spatial extent covered in our study (Daigle et al. 

1998, Robichaud and Boyce 2010).  Individualized trapline quotas in Ontario are 

allocated by MNRF where appropriate for many species. Lynx are occasionally assigned 
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quotas but not consistently for all traplines.  Marten receive annual designated quotas, 

retain fairly consistent harvest rates and occur in habitats similar to lynx (Fryxell et al. 

2001).  

 We selected annual trapline quotas for marten as our measure of trapper effort. 

This metric provided a more consistent variable across the study area compared to the 

unique identifier method. Individual traplines are not consistently used by a single trapper 

and the trapline information provided does not include information on trapper numbers. 

Trapper numbers varying between traplines creates dissimilar base values and biased 

estimates of effort.  Trapper effort was quantified as the percent quota taken annually per 

trapline.  Trapper effort for the hexagonal subsampling layer was derived by a weighted 

average of percent quotas based on the areal amount present of each underlying trapline.    

Occurrence covariates 

 We included 13 habitat covariates as candidates in our models for lynx. These were 

selected a priori based on tree species and age classes considered appropriate for 

assessing suitable habitats for lynx and their primary prey (snowshoe hare; Lepus 

americanus) and common alternate prey (red squirrel; Tamiasciurus hudsonicus); 

(Mowat et al. 2000, Holloway et al. 2004). Habitat covariates consisted of the percent 

land cover found in each hexagon for 10 individual tree species (i.e. black spruce Picea 

mariana, white spruce Picea glauca, jack pine Pinus banksiana, red pine Pinus resinosa, 

white pine Pinus strobus, balsam fir Abies balsamea, cedar Thuja occidentalis, white 

birch Betula papyrifera, balsam poplar Populas balsamifera) and a composite percent 

cover of all conifer tree types and 3 different development stage classes (e.g sapling, 

immature and mature). The sapling and immature age classes were consolidated into a 
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single age class based on habitat suitability models for lynx in Ontario (Walpole et al. 

2012). The sapling and immature classes spanned development stages that generally 

ranged from 10 to 40 years old and 30 to 80 years old, respectively, depending on 

species-specific differences (Mowat et al. 2000, Holloway et al. 2004). Mature forests 

were those over 80 years in age (Holloway et al. 2004). We also included a variable (HI) 

representing the human footprint index (Sanderson et al. 2002) which is a measure of 

anthropogenic activity derived from a mapped model, using four metrics (e.g., population 

density, land transformation, access [road density] and electrical power infrastructure; 

Sanderson et al. 2002).  Habitat utilization by lynx and other carnivores is negatively 

affected by presence of anthropogenic-dominated habitats including road density 

(Carroll, 2007, Basille et al. 2013). HI was represented by its standard deviation in all of 

the 10 km by 10 km pixels falling within each sampling layer hexagon. We chose the 

standard deviation because it provided a measure of variability within each sample unit. 

Given the relatively undisturbed nature of most of the study area, this provided a more 

ecologically relevant variable where anthropogenic disturbance was present (Poley et al. 

2014).  Tree species, age class data and HI were extracted from digitized forest resource 

inventory layers (MNRF unpublished data) in ArcGIS 10.3 (ESRI 2010). 

Occupancy models 

We used a restricted spatial regression approach (RSR; Hughes and Haran 2013, 

Johnson et al. 2013, Poley et al. 2014) to model occupancy for lynx within the study area. 

RSR employs a Bayesian hierarchical spatial framework that addresses not only the non-

independence (spatial auto-correlation) in occurrence observations but also minimizes the 

computational requirements of data collected over broad spatial and temporal scales 
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(Johnson et al. 2013).  RSR models are derived via a Gibbs sampler Markov chain Monte 

Carlo method and use a probit rather than logit link function for relating covariates to 

occupancy and detection estimates. This results in a mathematically robust model that 

handles confounding issues between the fixed-effects and spatial portions of the model 

and one that increases computational efficiency.  

We fit the RSR models using the R package STOCC (R Development Core Team 

2012).  Package STOCC is available from CRAN: http://cran.r-

project.org/web/packages/stocc/ index/html. Prior to model fitting, continuous variables 

were z-transformed and centered so that all variables had a mean of 0 and a standard 

deviation of 1. All variables were continuous, except year which was treated as a factor. 

The threshold for detecting spatial structure in neighbouring hexagons was set to 10,000 

m. This was approximately the distance between hexagon centroids and based on 

reported lynx daily movement distances (Squires et al. 2004). Following Johnson et al. 

(2013), we specified flat prior distributions for both the detection and occupancy 

processes and a Gamma (0.5, 0.0005) distribution for the spatial process. We ran a burn-

in period of 10,000 iterations, which were discarded before running the Gibbs sampler for 

60,000 iterations. The thinning rate was 1/5, resulting in a total posterior sample of 

12,000 for each model.  

We ran 15 a priori models and ranked them based on the minimum posterior 

predictive loss approach (Gelfand and Ghosh 1998). Model fit values produced with this 

approach are based on decision theory and include a goodness-of-fit measure and a 

complexity measure which, when combined, resembled the outcome of information 

theoretic model selection metrics such as Akaike information criterion and Bayesian 
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information criterion (Burham and Anderson 2002, Hooten and Hobbs 2015).  Generally, 

hierarchical models are not computationally compatible with information theoretic model 

averaging procedures and thus the models with the lowest posterior predictive loss values 

are considered the best predictors of the given data set (Spiegelhalter et al. 2002, Hooten 

and Hobbs 2015).  Following the suggestions of Kadane and Lazar (2004), we narrowed 

the initial 15 a priori models down to a subset of 6 models to include in the model 

validation procedures. We also included in the validation subset the model with young 

and coniferous forests despite it having a posterior predictive loss value higher than some 

omitted models. We elected to include this model, despite its poorer fit, because it 

contained the same covariates as the best fitting model from Walpole et al. (2012) against 

which we validated our results and thus provided an additional comparison point between 

our models and the validation model set. 

Model validation 

We calculated area under the receiver operating characteristic curve (AUC) values 

using R package ROCR (R Development Core Team 2012) for the subset of 6 models to 

determine how well the occupancy estimates predicted the observed harvest occurrences 

for both our study area and the validation area. We also calculated AUC values to 

determine how well our model predicted the lynx observations recorded by Walpole et al. 

(2012).  AUC is a common method for evaluating the predictive abilities of occupancy 

and species distribution models (Collier et al. 2012, Jiménez-Valverde 2012, Zipkin et al. 

2012).  AUC is a function of the receiver operating curve (ROC) and is calculated by 

plotting the ratio of true positives (sensitivity) to false positives (specificity). The 

Walpole et al. (2012) study area used to validate our model was nested within our study 
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area and the data was collected scale at a smaller finer scale than the harvest data. 

Walpole et al. (2012) used a 0.42 km2 (42 hectare) hexagonal sample unit compared to 

our 86.5 km2 hexagon. Nichols et al. (2008) modelled and demonstrated the accuracy of 

multi-scale occupancy estimation. Taking the approach outlined by Nichols et al. (2008), 

we consolidated the Walpole et al. (2012) observations into a detection history 

concordant with our sampling scheme and identified in our study area hexagons 

containing lynx snow-track transects from Walpole et al. (2012). We then examined the 

occupancy history for each transect. Any snow-track transect with positive detection 

falling within our hexagon was considered as a positive for the specific larger harvest 

data hexagon layer.    After consolidation, we retained 35 hexagons with snow-track 

occurrence data (15 presences, 20 absences) for validation. Validating against a model of 

notably different spatial and temporal scale allowed us to assess the potential flexibility 

and drawbacks of our analytical approach. As a final comparison method, we used ROC 

to assess the fit of the occupancy values from the 35 common consolidated occurrences 

that were generated using the covariate coefficients from the top model identified by 

Walpole et al. (2012).  

Results 

A total of 76 of 188 sample hexagons (40%) had fur harvest record-based occurrence 

histories over the 10-year sampling period, with a range of 6-18% per year having 

recorded harvest.  This represented a naïve occupancy rate of 40.4% in the larger study 

area.  The naïve occupancy is the percentage of sampling units where the species was 

detected at least once. The validation study area had naïve occupancy rate of 46.9 %. The 
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modeled mean occupancy values from the 6 best fitting models were slightly lower (< 

1%) than the naïve values for the full study area, and slightly higher (<1%) or lower 

 (< 2%) than naïve occupancy for the validation area (Table 3.1). Generally, lynx were 

detected in sample units having a higher percentage of black spruce, jack pine and 

younger age class forests than was available at random.  Anthropogenic disturbance, as 

measured by the SD of HI value, also had a positive effect on lynx occurrence but with 

qualitatively lower posterior mean values than any of the habitat variables (Figure 3.1 

a,b). Occupancy estimates tended to be higher in the northern portion of the study area, 

where hemi- boreal forests predominated, and lower in the southeastern portion of the 

study area in mixed hardwood forests (Fig 3.1a). 

Table 3.1 

Six best occurrence models and their Gelfand and Ghosh (1998) minimum posterior 

predictive loss values (D.m.), goodness of fit values (G.m.), model complexity values (P.M.) 

mean (standard error) occupancy estimates and AUC model validation scores. Model 7 is 

included for comparison between the harvest data-based top models and the best predictive 

model resulting from snow transect derived lynx occupancy in Walpole et al. 2012. Model 

ID# provides a link between the 95% CI values for individual covariates shown in Fig. 3.  

Columns labeled “A” indicate either the mean occupancy estimate or AUC score for the full 

study area. Columns labeled “B” are mean occupancy and AUC values for the validation 

area and “C” is the AUC value for the Walpole et al. (2012) common occurrence points. 

Models covariates are defined as follows : Sb=black spruce (Picea mariana),, PJ=jack pine 

(Pinus banksiana), Wbir=white birch (Betula papyrifera), Pop=balsam poplar (Populas 

balsamifera)), Tot_con= combination of all conifer species above plus white pine (Pinus 

strobus) balsam, balsam fir (Abies balsamea), cedar (Thuja spp.), white spruce (Picea 

glauca) and red pine (Pinus resinosa). Sap = young forest age class(10-80 years), Old= 

forest greater than 80 years old and HI= human influence per Sanderson et al. 2002. 

ID # Occurrence Model D.m G.m P.m %Occupancy  "A" %Occupancy  "B" AUC "A" AUC "B" AUC "C"

1 PJ + Sap  + HI 397.15 189.91 207.23 39.83 (1.41) 47.62 (1.99) 0.85 0.83 0.72

2 PJ + Old+ HI 396.90 190.79 206.11 39.98 (1.41) 47.24 (1.99) 0.85 0.83 0.64

3 Sb  + PJ + Sap + HI 398.78 190.95 207.83 39.23 (1.34) 45.81 (1.98) 0.85 0.81 0.70

4 PJ + Sap 399.76 191.11 208.65 39.97 (1.32) 46.32 (1.99) 0.82 0.80 0.69

5 Sb  + PJ + Sap 403.49 193.05 210.44 39.70 (1.24) 45.11 (1.87) 0.82 0.79 0.66

6 PJ+Pop+Wbir 403.49 193.88 209.61 40.38 (1.30) 44.56 (1.87) 0.82 0.79 0.59

7 Tot_con + Sap 412.11 197.83 214.28 39.77 (1.07) 46.65(1.98) 0.78 0.76 0.69
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Occupancy models 

Only detection covariate models including both marten trapping effort and year were 

included in the reduced model pool. Omitted from further analyses were models using 

either trapping effort or trap year alone as the only detection covariate as they 

demonstrated poor predictive fit.  Regardless of the components in the occurrence portion 

of the hierarchical models, the resulting posterior detection model covariate coefficients 

of trapper effort and harvest year from all 14 a priori models were almost identical for 

each model, with between-model standard errors ranging from 0.0006-0.0013 (Fig 3.2). 

Trapper effort associated with marten harvest had a posterior mean detection probability 

of 0.16. The detection probability posterior means for harvest year varied with lower 

values at the beginning and end of the sampling time frame and peaking during the 

middle. During the year 1 and year 10 harvest seasons, the 95% credible intervals (CI) 

included 0, indicating higher model uncertainty (Johnson 1999) in the posterior means for 

those years, but the overall all pattern was suggestive of lynx abundance affecting 

detection probabilities in harvest data.   

All covariate coefficient values for the occurrence portions of the models had some 

degree of   95% CI overlap, though HI and black spruce, poplar and combined total 

conifer had lower mean posterior values than either jack pine or young forest. Old age 

class forests had a mainly negative CI indicating a negative relationship between older 

age class forests and lynx occupancy (Table 3.1). The higher posterior means suggest that 

percent jack pine and forest age were likely more important than the other occurrence 

covariates in predicting lynx occupancy (Table 3.1).   Based on overall model fit values 

(Table 3.1), models including black spruce appeared comparable to those excluding it but 
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the 95% CI for this variable included 0 (Fig. 3.3). CIs including 0 are considered an 

indication of instability within the posterior prediction strength of the variable (Johnson 

1999).   Human influence also was on average a positive predictor of lynx occurrence, 

but similar to black spruce, the variable had CIs including 0.  

Model validation 

AUC values declined for all models as the total number of occurrence locations 

diminished (Table 3.1). Models 1-3 had almost identical posterior predictive loss scores 

(D.m.) and identical AUC “A” values. We selected model 1 as the best fitting model for 

our study as its AUC values declined less across the 3 validation scenarios and the model 

fit value was the lowest. The D.m. score for Model 2 score was lower than model 1 

mainly due to a slightly lower model complexity value. from the AUC values produced 

when we ran the same top model configuration from Walpole et al. (2012) were lower 

than all of our other models for the full and validation area (0.78 and 0.76) but was higher 

than or equal to (0.69) than four of our better fitting models for the AUC “C” area. 

Interestingly our top model was a better predictor of these occurrences despite different 

spatial scales. 

Discussion 

Overall, our results suggested that fur harvest data were suitable for predicting 

occupancy and identifying habitat preferences in harvested lynx. We initially predicted 

that the fur harvest-based occupancy models would produce probabilities of occurrence  
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Fig. 3.3 95% credible intervals(CI) and means for each 

occurrence model covariate used in the 6 top models. Identical 

covariates are grouped together and the resulting output values 

per model they were used in are indicated by the model ID# 

given in table 1. Model covariates are defined as follows: 

Sb=black spruce (Picea mariana), PJ=jack pine (Pinus 

banksiana), Wbir=white birch (Betula papyrifera), 

Pop=balsam poplar (Populas balsamifera)), 

Tot_con=combination of all previous listed conifer species  

plus white pine (Pinus strobusbalsam), balsam fir (Abies 

balsamea), cedar (Thuja spp)., white spruce (Picea glauca) and 

red pine (Pinus resinosa) . Sap=young forest age class (10-80 

years), Old=forest greater than 80 years old and HI=human 

influence per Sanderson et al. 2002. 
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similar to a snow track transect study conducted in similar habitats. Subsequently our 

results predicted Canada lynx probabilities of occurrence similar to and in some cases 

better than the validation study. We also predicted that the habitat variables included in 

the best fitting fur harvest data-based models would be equivalent to models constructed 

with more traditionally gathered data. Though our best fitting model did not contain the 

identical variables to our validation study’s top model, we believe they were generally 

analogous. The covariates, young forest age (10 - 80 years) and jack pine, best predicted 

lynx occurrence and these two variables had similar coefficient values (Fig. 3.3).  

Additionally, models including the “Old” forest covariate (> 80 years) produced negative 

coefficient values for the covariate, thus supporting younger age forests as predictive of 

Canada lynx occurrence. These results are comparable to the model structure in other 

expert opinion or field research-based models of Canada lynx habitat suitability, with the 

exception that most other studies identified percent conifer as total combined conifer 

species along with and younger forests rather than broken down by specific conifer 

species (Squires et al. 2000, Hornseth et al. 2014).    

Combined conifer cover performed poorly (Table 3.1) as a covariate compared to 

species-specific models in our study and could be explained by a few potential factors or 

a combination of them. Jack pine (Pinus banksiana) regeneration is favored by both 

silviculture and natural disturbances while other conifer species are more sensitive to 

silviculture practices resulting in fewer mixed conifer stands (Thompson et al. 2003).  

Regenerated jack pine stands also tend to remain suitable habitat for snowshoe hare, an 

important prey species for lynx. Secondly, other studies may not have included species 

specific models in their analyses for logistical reasons. Field-based studies may have 
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opted to quantify conifer habitats more generally rather than attempt to identify the 

number and quantity of individual tree species in a study area, whereas we used forest 

data information derived from aerial imagery. The aerial imagery is compiled expressly 

for forest management and generally is highly specific when identifying tree species and 

abundance. Lastly, the less precise locations of the fur harvest records, compared to 

studies with traditional data sets, might have obscured lynx habitat preferences. We 

would have expected this imprecision to have resulted in top models with covariates of 

generalized habitats types rather than specific habitat components. Silviculture practices 

and imprecise harvest location may also explain the generally positive association of HI 

with higher values of lynx occurrence. Road access is a predictor of trapper success at 

coarse spatial scales (Weibe et al. 2013). Given that 65.5% of our study area included 

managed forests, the presence and availability of associated road infrastructure for 

trapper access is plausible. 

Though we do not believe they adversely affected the outcome, it must be considered 

that we made some implicit assumptions in order to accommodate the non-standard 

structure of the data set. We suggest that researchers using harvest data also address these 

assumptions when developing occupancy models as they could potentially affect model 

accuracy. The first assumption is that harvest is equivalent to occupancy. Given that each 

positive occurrence was equivalent to a harvested animal it follows that we assumed 

independence between sampling events. Harvest success was potentially not independent 

from year to year but we felt that this was unlikely based on MNRF regulations that 

limited harvest period duration and individual trapline quotas. The trapping season is 

limited to a 4 month duration (October 25 – February 28/29) with an 8 month hiatus 
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between trapping seasons.  Harvest period timing and duration avoids harvesting when 

young furbearers are dependent on their parents for survival and minimizes the chance of 

harvest in one year affecting the subsequent year’s harvest (Fish and Wildlife 

Conservation Act, 1997, Ontario Regulation 670/98, 

http://www.ontario.ca/laws/regulation/980670).  

A second assumption was that the population was closed and thus occupancy did not 

change between visits (i.e closure implies no local colonization or extinction MacKenzie 

et al. 2002).  This research was primarily concerned with the suitability of harvest data to 

construct occupancy models; closed models are typically used when the main goal is 

calculating a probability of occurrence in the presence of uncertain detection (MacKenzie 

et al. 2005). This applied to the harvest data where it was difficult to ascertain if reported 

non-detection (harvest = 0) was a true zero due to non-success or a non-attempt at 

trapping.  Violations of closure assumptions can result in over estimation of occupancy 

but less so when detection probabilities are low (Rota et al. 2009). Detection probabilities 

for trapper effort were low and highly variable for year (Fig 3.2); thus we believe any 

potential violations of closure had little effect. Because year did have such a variable 

effect we suggest that open population or extinction/colonization models may be highly 

applicable to harvest data and should be investigated.   

We also assumed the spatial scale of the data were relevant to lynx ecology and that 

any scale differences between snow tracking surveys and trapline data had limited effects 

on model results. Data scale limitations are related to the underlying spatial structure of 

the recorded harvest. Harvested animal locations are recorded only as occurring within a 

trapline and not at the specific location of harvest. Trapline size varied widely and thus 
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habitat heterogeneity may have been greater in some traplines than others. This could 

potentially affect model fit and its applicability to lynx ecology as lynx do not necessarily 

use all habitats equally within a trapline.  We addressed trapline size variation by sub-

sampling with a separate layer designed to be representative of trapline size and lynx 

ecology.  Our best fitting models contained covariates similar to other models predicting 

lynx habitat suitability but when using harvest data, it is important to harmonize the 

spatial ecology of the target species with the spatial structure of the data set. Though we 

believe we addressed the spatial precision adequately and that fur harvest data performed 

well in our occupancy models, we feel spatial precision is perhaps the largest potential 

performance flaw.  We provide below further discussion of our results and describe 

putative examples of how fur harvest data may lend themselves better to landscape rather 

than local scale interpretations (but see Barwell et al. 2014). We also provide suggestions 

for research that may improve applications of fur harvest data in distribution and 

occupancy models.  

Variation in furbearer population abundance can affect harvest success, and in some 

instances harvest effort (Kahlert et al. 2015 Tomeček et al. 2015). Abundance 

fluctuations should be considered when using fur harvest data to fit binary occupancy 

models as temporal variations in abundance could exacerbate spatial imprecision. We 

found that mean lynx detectability values were greater, though variable, for the detection 

covariate harvest year (Fig 3.2). This pattern was consistent for all models irrespective of 

overall model fit or the occurrence covariates included. Increases and decreases in 

harvest year average detection probabilities roughly followed the pattern of total pelt take 

for both our study area and Ontario overall. Lynx abundance is typically linked to 
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snowshoe hare abundance (Stenseth et al. 1998) and in northeastern Ontario is thought to 

generally lag 1-2 years behind snowshoe hare abundance over the roughly 7-9 year cycle 

period (unpublished data, MNRF). Yet our modeled relationships between harvest year 

detectability patterns and the northeastern Ontario snowshoe hare abundance fluctuations 

do not match the known lag periods. Northeastern Ontario snowshoe hare were just 

beginning to decline in harvest year 2000/2001 and were at their lowest in harvest year 

2004/2005 (unpublished data, MNRF), whereas detectability and pelt harvest numbers in 

our study were at their lowest in harvest year 2000/2001 and had peaks in 2003/2004 and 

2004/2005. This mismatch suggested that something other than annual abundance 

fluctuations affected detection and models with only year alone as a detection covariate 

performed poorly. Including trapper effort improved fit. Thus, though the relationship 

between abundance, recorded harvest and trapper effort is probably not completely 

independent including some measure of hunter/trapper is important in harvest data fit 

occupancy models (Cattedori et al. 2003, Fischer et al. 2016). 

Generally, snow track data collected from a research project have better spatial 

precision than harvest data, thus potentially making comparison with the less precise 

harvest data problematic. We addressed this by using a study area larger than our 

validation area and then by comparing occupancy model between areas. Despite any 

potential weakness arising from spatial imprecision, fur harvest data occupancy models 

produced statistically valid and ecologically relevant probability of occurrence values for 

both the study and validation area. Additionally, two of our models (1 and 3) better 

predicted snow tracking transect survey derived occurrences than the top model in 

Walpole et al. (2012). While the Walpole et al. (2012) study had greater spatial precision, 
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it was carried only out over a two-year period which happened to occur during lower lynx 

abundance years compared to our fur harvest data set which spanned 10 years. The long 

history available to sample from is a strength of fur harvest data and may dilute the 

effects of spatial imprecision. This temporal advantage, however, is also a weakness in 

that it takes more years of fur harvest data to fit an occupancy model given the number of 

years coded “NA” (no answer given on form) for any given trapline and the inability to 

differentiate between zero take and zero effort. The necessity to use a longer period may 

spuriously create a better fit compared to a shorter term tracking study.  Long-term 

presence-absence surveys typically demonstrate higher predictive powers and a snow 

track data set collected over a greater than two-year period or a larger spatial extent may 

have produced better results than the fur harvest data, given the potentially greater spatial 

accuracy of tracking data compared to the harvest data (MacKenzie et al. 2005).  

In conclusion, we have shown that fur harvest records are a suitable data set for 

occupancy and potentially other distribution models but suggest that care should be taken 

to control for spatial imprecision. We also recommend the following areas of research to 

further explore the utility of fur harvest data. Research should be expanded to include 

other harvested species beyond Canada lynx as many furbearers do not exhibit cyclic 

abundance fluctuations the; utility of occupancy models fitted with harvest data may vary 

between species.  Further research should also include variable time frames to fully 

assess how fluctuating abundance may affect occupancy. This should include a model 

validation comparison of longer-term field studies within identical study areas and using 

identical occurrence covariates. We also suggest that questions should be posed over 
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larger spatial extents to investigate how landscape and data structure impact model 

outcome. 
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Chapter 4 

 

Assessing variability in probability of occurrence patterns for Canada lynx (Lynx 

canadensis): Dynamic patterns of occupancy in lynx using fur harvest records 

Abstract: The area of occupancy for any species fluctuates over time and space. Extreme 

fluctuations in occupancy can lead to population extinctions and expansion but the 

transition between these two extreme states is often not observed without analysis 

focused towards quantifying dynamic changes in occupancy. We binned 27 years (1984-

2010) of Canada lynx fur harvest into 5 year time blocks and fit Bayesian hierarchical 

occupancy models to define dynamic spatiotemporal changes in lynx occupancy across 1 

million km2 of Ontario and Manitoba. We included trapper effort and road density as 

detection covariates and 10 habitat values including fire as occurrence covariates. Models 

were corrected for spatial autocorrelation and assessed for fit with both receiver operating 

curves and minimum posterior predictive loss metrics. Lynx occupancy varied greatly 

over the course of the study period. Areas with occupancy values greater than 0.50 

declined from over 700,000 km2 in 1984 to less than 200,500 km2 in 1994 and by 2008 

had risen again to close to the value seen in 1984. Model composition varied for each 

time block but generally the best fitting models included the variables jack pine or black 

spruce. Models also indicated a seral stage vegetation covariate was also important for 

determining lynx occupancy values, though the variable linked to this was not consistent 

across the models. Stand age, fire and percent unvegetated habitat appeared as variables 

potentially linked to seral disturbance. Given the high degree of spatiotemporal variation 

observed for lynx occupancy, our results demonstrated the need to consider the 

relationship between these variations and management and conservation actions. 



73 
 

Key words: Occupancy models, restricted spatial regression, Canada lynx, fur harvest 

records, area of occupancy 

Introduction 

The area of occupancy (AOO) for any species can fluctuate over time across its range. 

Generally, the degree of AOO change is not so extreme as to degrade a species’ 

persistence within its range except where habitat conditions are marginal (Holt et al. 

2002). Yet AOO contractions can also indicate and intensify extinction risk, which is of 

ecological concern given the increasing threat of current and future habitat losses (Fryxell 

et al. 2010, Gaston 2010). Concern over extinction risk is not exclusive to rare or 

declining species but also applies to more common species such as those abundant 

enough to sustain annual harvests (Skalski et al. 2011, Beston and Mace 2012). History 

has validated these concerns with the loss or extensive AOO decline of highly abundant 

species such as the passenger pigeon (Ectopistes migratorius), the plains bison (Bison 

bison) and the Pacific sardine (Sardinops sagax) (Hung et al. 2004, Gaston and Fuller 

2007, Zwolinski and Demer 2012).  

Developing and analyzing occupancy models from long-term range-wide, data sets is 

one method of distinguishing both fluctuations in AOO patterns and factors driving the 

patterns (Lindenmayer et al. 2011).  Further analysis of any resulting patterns and their 

drivers can also aid in evaluating whether the fluctuations are part of a long term 

problematic trend or merely temporary changes in occupancy (Oliver et al. 2012).   

Several species of mammals are harvested and traded throughout the world for their 

pelage. Termed “furbearers” they are an ecologically, culturally and economically 

important suite of species and offer a potential data set well suited to investigating 

questions about spatiotemporal AOO patterns.  Management objectives for these species 
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typically involve data collected and analyzed using geopolitical rather than ecological 

perspectives and may benefit from wider assessments of spatiotemporal occupancy trends 

(Quinn and Thompson 1987, Fryxell et al. 2010). Harvest levels applied at local or sub 

regional spatial scales over truncated time periods may be unsuitable when broader 

spatiotemporal scale patterns are investigated (Nilsen et al. 2012). Additionally, 

conservation actions directed toward reintroductions or habitat preservation or 

restorations may also benefit from better understanding of AOO trends and their 

underlying causes (Karanth et al. 2011, Chandler et al. 2015). 

The Canada Lynx (Lynx canadensis) is an example of a furbearer that is relatively 

abundant throughout much of its range but has experienced range contractions and 

population declines along the southern extent of its range (Laliberte and Ripple 2004, 

Koen et al. 2014).   Though harvested extensively for its fur in much of Canada and 

Alaska, the species is listed as “threatened” in the conterminous United States under the 

U.S. Endangered Species Act (Ruggerio and McKelvey 2000, United States Fish and 

Wildlife Service 2000). The lynx is also listed provincially in the Canadian provinces of 

Nova Scotia and New Brunswick, which are in the species’ range periphery. Habitat loss 

for lynx and their primary prey species, the snowshoe hare (Lepus americanus), is 

considered the largest contributor to population decline and range contraction, yet 

overharvest during low population growth phases may have also played a role (Ruggerio 

and McKelvey 2000).  Lynx and snowshoe hare exhibit population cycles with periods of 

low abundance or reduced growth rate (Poole 2003).  These periods may manifest 

spatially as reductions in AOO across a landscape and as such may be visible when 
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analyzed using occupancy models covering shorter periods of times that may reveal 

dynamic changes in occurrence values (Poole 2003, Broms et al. 2016).  

Occupancy models that span multiple periods and can predict occupancy probabilities 

for each period and highlight the extent and degree of change in occupancy between 

periods. Highlighting these dynamic shifts provides a means for characterizing how 

changes in occupancy vary under different environmental conditions and detection 

probabilities (Guillera‐Arroita 2017). Modelling variability in occupancy patterns over 

time can lead to revealing the processes governing range dynamics and is particularly 

important in the context of management decisions relying on expected future occupancy 

patterns (Yackulic et al. 2015, Guillera‐Arroita 2016). 

There are many studies evaluating changes in occurrence and abundance of lynx and 

other furbearers at limited spatial or temporal extents (Brandt and Keith 1979, Quinn and 

Thompson 1987, Smallwood and Schonewald 1998, Simons-Legaard et al. 2016), but 

given the risk imposed by the impacts of anthropogenic change on species distributions, it 

is imperative to broaden our understanding of how fluctuations in AOO may affect their 

long-term persistence (Chen et al. 2011).   Broadening the spatial and temporal scale can 

produce more ecologically relevant models of occupancy and the factors affecting it 

(Chase and Knight 2013, Azaele et al. 2015).  Most species distribution models (SDMs) 

addressing range-wide or broad areal extent changes in AOO tend to collate multiple 

years of data into a single broad period model (i.e. single season) rather than looking at 

shorter temporal periods (i.e. dynamic) which may reveal extinction-colonization patterns 

not apparent when using the single season model (Bled et al. 2013, Broms et al. 2016).  
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Our objectives were to determine whether, over a portion of their range, shorter period 

occupancy models indicate dynamic shifts in AOO for Canada lynx and if these changes 

are consistent with patterns that could indicate potential long- term losses in occurrence. 

Studies have indicated that throughout much of their current range lynx select habitats 

that are also highly suitable for snowshoe hare (Hodges 2000a, Mowat and Slough 2003).  

These habitats, though often varying in exact species composition tend, to be composed 

of forested areas dominated by coniferous species 40-80 years old with disturbance-

generated canopy gaps around 20% that support young seral stage vegetation important 

for snowshoe hare abundance (McCarthy 2001, Hoving et al. 2004, Hodson et al. 2011). 

We posited that areas with the highest occupancy values would reflect not only the 

habitat characteristics listed above but that areas with sustained higher occupancy values 

may indicate important core areas for lynx and thus critical for conservation. Answering 

these questions should also allow scientists and resource managers to develop more 

holistic management directives by understanding how natural decline phases can 

potentially be exacerbated and prolonged by anthropogenic factors (Broms et al. 2016).   

Methods 

Study area 

Lynx occupancy was modelled over a roughly 1 million km2 study area within the 

boreal shield ecozone of Manitoba and Ontario (Fig.4.1a). This represents about 1/5 of 

their current range and consisted of broadly rolling uplands dotted with numerous 

wetlands and bedrock outcrops. This area is dominated by thin and poorly drained soil 

types typical of the boreal forest (Soil Classification Working Group. 1998). Elevations 

ranged from 7 to 795 m amsl with around 50 % of the area at elevations above 300 m and 
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approximately 14% of the landscape containing exposed bedrock or water (DeBlonde et 

al 2014).  Forested areas were comprised of 90% boreal forest and 10% Great Lakes St. 

Lawrence (GLSL). The GLSL habitat occurred along the southern portion of Ontario and 

a small portion of eastern Manitoba adjacent to the Great Lakes. GLSL forests had higher 

precipitation and were dominated by broad leafed deciduous hardwood species whereas 

the boreal forest portions of the study area were dominated by higher percentage of cold 

and fire disturbance adapted conifers (Brandt 2009, Thompson 2000).   

Fur harvest data 

Fur harvest records for Canada lynx (Lynx canadensis) were compiled for each 

individual registered trapping unit (TU) contained within the study area, for 27 trapping 

seasons from fall/winter 1984-1985 to fall/winter 2010-2011. Compiled records were 

provided by the wildlife branch of the Manitoba’s Conservation and Water Stewardship 

department (CWS) and the Ontario Ministry of Natural Resources and Forestry (MNRF).  

All locations were georeferenced and mapped using ArcGIS 10.3 (ESRI). Presence or 

absence of harvest for any year was determined for each TU and we used the TU’s 

centroid as the reference location for subsequent analyses. There were 4028 TUs within 

the study area. TU size ranged from 10 to 7082 km2 with a median of 145 km2. We 

subsampled the recorded harvest to minimize potential bias created by variable TU size. 

We subsampled lynx occurrence points using a 100- km2 hexagon layer that overlaid the 

study area. A 100km2 hexagon size was selected because it was close to median TU size, 

minimized the occurrence of multiple TU centroids falling within a single hexagon and 

was ecologically relevant to lynx.  Ecologically, the 100 km2 fell within the spectrum of 

known home range sizes for lynx and provided a link between sample layer and lynx 
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ecology (Anderson and Lovallo 2003, Burdett et al. 2007).   If more than one TU centroid 

fell within a hexagon then the centroid with the least percentage of the TU from which it 

originated was reassigned to an adjacent hexagon containing the largest percentage of the 

original TU. The same logic was applied when centroids straddled hexagon boundaries.  

Only 20 of the 10385 (0.2%) hexagons required reassignment of centroids to adjacent 

hexagons.   

Because our primary research objective was to quantify spatial variation in 

occupancy patterns for lynx over time, and to reveal potential influential ecological 

factors affecting occupancy, we bundled harvest data into 2 series of sequential 5 year 

time blocks.  The primary series excluded the last 2 of the 27 years of trapping data and 

the secondary (shifted) series excluded the first two years of the trapping data but 

included the last 2 years.  This allowed us to evaluate the effect of bin placement on our 

results and maximized the opportunity to detect and quantify occupancy patterns. We 

selected 5-year blocks for several reasons. Ecologically it represented about one-half of 

the typical lynx population cycle and thus addressed potential inherent temporal patterns 

of changes in lynx abundance during the increase and decline phases of the cycle. 

Computationally it maximized the number of periods we could model that produced valid 

occupancy, allowed us to assess the how prior occupancy affected future occupancy 

values and minimized chances of model package disfunction caused by the large 

spatiotemporal extent of the study area. Prior experimental bundling of our data indicated 

that time blocks less than 5 years often included TUs with greater than 50% harvest non-

detection histories where we could not determine if annual harvest was truly 0 or was just 

not recorded. Though occupancy models can still be fitted with missing data, reliable 
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detection histories from at least 3 “seasons” greatly improve model fit (MacKenzie et al. 

2003, Clark et al. 2016).  Greater than 5 years caused problems with the model non-

convergence due to the large spatial extent of the data and resulting size of the input 

information exceeding the capacity of the program to run the model (Devin Johnson, 

pers. comm).  

Detection covariates 

        Detection probabilities vary with conditions that affect the ability of observers to 

detect the species of interest (MacKenzie et al., 2003).  Trapper effort is potentially 

correlated with trapper success and is considered an important but often excluded 

covariate when analysing furbearer harvest data (DeVink et al. 2011, Weibe et al. 2013).  

Many events can influence trapper effort including pelt price, weather, accessibility and 

range of harvestable species.  This could be expressed in a variety of way including 

assigning each trapline a unique identifier or using annual designated pelt quotas. The 

assignment of a unique identifier can aide in quantifying observer error when species 

detection is imperfect or biased (McClintock et al. 2010, Miller et al. 2013). It may also 

function to quantify trapper effort.  Individualized trapline quotas in Ontario are allocated 

by MNRF where appropriate for many species. Lynx are occasionally assigned quotas 

but not consistently for all traplines.  Marten receive annual designated quotas, retain 

fairly consistent harvest rates and occur in habitats similar to lynx (Fryxell et al. 2001).  

       We selected annual trapline quotas for as our measure of trapper effort. This metric 

provided a more consistent variable across the study area compared to the unique 

identifier method. Individual traplines are not consistently used by a single trapper and 

the trapline information provided does not include information on trapper numbers. 
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Trapper numbers varying between traplines creates dissimilar base values and biased 

estimates of effort.   

       Based on the findings of Weibe et al. (2013) and due to the overall coarse scale of 

our analyses, we included road density and harvested quota percentages for American 

marten (Martes americana) as detection covariates for the study area.  We selected 

marten harvest effort as a proxy for lynx harvest effort because there was insufficient 

information to derive values based on lynx harvest. We considered marten a suitable 

proxy as they retained consistent harvest rates over time and occurred in habitats similar 

to lynx (Fryxell et al. 2001). Trapper effort values for the entire study area were 

extrapolated from Ontario marten harvest data during each modeled 5 year time block as 

harvest quota data were not available for Manitoba. Trapper effort data were derived 

from the percentage of the marten quota harvested. Actual harvest sometimes exceeded 

the quotas set for a TU thus the resulting calculated effort value was greater than 100%. 

The total percentage take, 4 to 206 percent and was extracted from approximately 1772 

TU/year. We ran one set of our models using a high level of trapper effort and one set 

using lower trapper effort. We used mean high and low trapper effort values for each time 

block where the higher value was determined using harvests exceeding quotas and the 

lower value excluded harvests exceeding quotas. Pelt price can be correlated to trapper 

effort for some but not all furbearers and for lynx was not expected to present a 

discernable effect at the spatial extent covered in this analysis (Daigle et al. 1998, 

Robichaud and Boyce 2010). To verify lack of effect on harvest by pelt price for our 

study period and area, we regressed inflation adjusted lynx pelt price against total harvest 

for the study period and found price was not a good predictor of harvest (r2 = 0.09).  
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Occurrence covariates  

    We included 10 habitat covariates as candidates in our models for lynx. These included 

5 tree species and age classes considered appropriate for assessing habitat for lynx and 

their primary prey (snowshoe hare) and common alternate prey (red squirrel; 

Tamiasciurus hudsonicus) (Holloway et al. 2004, Arthur and Prugh 2010, Mowat et al. 

2000, Krebs 2011). We used percent land cover per hexagon of black spruce (Picea 

mariana), white spruce (Picea glauca), jack pine (Pinus banksiana), balsam poplar 

(Populus balsamifera) and white birch (Betula papyrifera) as well as composite percent 

cover of all conifer types, total non-vegetated cover and sapling and immature forest 

development stage classes. The sapling and immature classes spanned development 

stages that generally ranged from 10 to 40 years old and 30 to 80 years old respectively, 

depending on species-specific differences (Mowat et al. 2000, Holloway et al. 2004). 

Forestry data were extracted from the Canadian National Forest Inventory (NFI) 

standardised models based on photo plot observations and 26 other geospatial vegetation, 

climatic and topographic variables, 2000-2006 (Beaudoin et al. 2014). We excluded the 

youngest seral stage of vegetation from any models due to the static format of the forestry 

layer. Overall stand composition is unlikely to have changed between the fur harvest 

periods but young tree stands (age class < 10 years) may have established after harvest 

model blocks. 

Because these multi-year summaries of forest attributes were represented only as a 

single value and no other information was available, we included fire disturbance as a 

covariate both to improve the temporal relationship of the vegetation data to the harvest 

data and as an indicator of disturbance with the study area. Fire is an important habitat 
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modifier in the boreal forest and reinitiates the early succession stages critical for optimal 

snowshoe hare habitat (Buskirk et al. 2000, Mowat and Slough 2003, Fisher and 

Wilkenson 2005).  Vegetation and age class data were extracted from digitized NFI 

layers, https://nfi.nfis.org in ArcGIS 10.3; (ESRI 2010, Beaudoin et al. 2014).  Percent 

fire disturbance per hexagon was calculated for the 5 years preceding each harvest data 

time block. Fire data were compiled from the Canadian national fire database (NFDB) 

http://cwfis.cfs.nrcan.gc.ca/ha/nfdb. Prior to selection of the final models the covariates 

were tested for multicollinearity using the R package mctest (Imadadullah et al. 2016, 

Imdad and Aslam 2018) 

Occupancy models 

We used a restricted spatial regression approach (RSR; Hughes and Haran 2013, 

Johnson et al. 2013, Poley et al. 2014) to model occupancy for lynx in the study area. 

RSR approach a Bayesian hierarchical spatial framework that addresses not only the non-

independence (spatial auto-correlation) in occurrence observations but also minimizes the 

computational requirements of data collected over broad spatial and temporal scales 

(Johnson et al. 2013).  RSR models are derived via a Gibbs sampler Markov chain Monte 

Carlo method and use a probit rather than logit link function for relating covariates to 

occupancy and detection estimates. This results in a mathematically robust model that 

handles confounding issues between the fixed-effects and spatial portions of a model and 

increases computational efficiency. Detailed descriptions and derivations of the RSR 

model were provided by Hughes and Haran (2012) and Johnson et al. (2013). 

We fit the RSR models using the R package STOCC (R Development Core Team 

2015).  Package STOCC is available from CRAN:http://cran.r-
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project.org/web/packages/stocc/index/html.  Prior to modelling fitting, detection and 

occurrence predictor variables were z-transformed and centered so that all variables had a 

mean of 0 and a standard deviation of 1. The threshold for detecting spatial structure in 

neighbouring hexagons was set to 11,000 m which was the roughly the distance between 

hexagon centroids (exact distance 10,750 m). Following Johnson et al. (2013), we 

specified flat prior distributions for both the detection and occupancy processes and a 

Gamma (0.5, 0.0005) distribution for the spatial process. We ran a burn-in period of 

10,000 iterations, which were discarded before running the Gibbs sampler for 60,000 

iterations. The thinning rate was 1/5 resulting in a total posterior sample of 12,000 for 

each model. We ran 10 temporal iterations of 14 a priori models. The 14 a priori models 

included 7 different occurrence covariate models that were tested with both high and low 

trapper effort detection covariates. 

Model selection and fit evaluations 

Model fit was ranked using both within-sample and out-of-sample data approaches. As 

our within-sample method we used a minimum posterior predictive loss approach 

(Gelfand and Ghosh 1998). This assumes that there is no true model and that the model 

with the lowest expected loss is the model that best predicts both given and potential data 

(Kadane and Lazar 2004).  The approach is a combination of a goodness-of-fit measure 

and a complexity measure similar to information theoretic criteria such as Akaike 

information criterion (AIC) and Bayesian information criterion (BIC), where the lower 

overall values imply lower expected loss in predicting new data with the posterior model 

parameters. Unlike AIC or, in some respects BIC, the Gelfand and Ghosh (1998) 

approach is not compatible with model averaging nor is there a specified between-model 
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fit difference such as the Burnham and Anderson (2002) recommended Δ AIC=2. 

Hierarchical models, in general, are not computationally compatible with AIC or BIC 

(Spiegelhalter et al. 2002, Hooten and Hobbs 2015). We did not detect multicollinearity 

amongst any model covariates. 

Because an out-of-sample data set was not available to test our model’s true predictive 

performance, we calculated area under the receiver operating characteristic curve (AUC) 

values using R package ROCR (R Development Core Team 2012) for all models to 

determine how well the model generated occupancy values predicted from the observed 

occurrences. AUC is a rank-based rule function of the receiver operating curve (ROC) 

and is calculated by plotting the ratio of true positives (sensitivity) to false positives 

(specificity) and is a common method for evaluating the predictive abilities of occupancy 

and species distribution models (Collier et al. 2012, Jiménez-Valverde 2012, Zipkin et al. 

2012).   

Results 

We compared 7 occurrence models that incorporated 2 detection models (high and low 

trapper effort) for each specific and generally found only small differences in model fit 

within any given 5-year window.  Between each 5-year period though, we found both the 

posterior predictive loss scores and the best fitting model composition varied greatly 

(Appendix A).  AUC scores were between 0.76 and 0.86; yet higher AUCs did not 

always coincide with lower posterior predictive loss values. Generally, models using the 

high trapper effort detection covariate fit better than models including low trapper effort. 

Mean probabilities of occurrence varied between 0.38 to 0.58 across all time blocks and 

models but were generally similar within any given block regardless of model 
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composition. The 5-year time blocks 1994-1998 and 1996-2000 produced the lowest 

mean probabilities of occurrence (0.38- 0.40) for all models and exhibited the narrowest 

range of occurrence values compared to all other time blocks (Appendix A).  

Though there were no overwhelmingly better fitting models, there was, for all time 

blocks, one slightly better fitting model than the rest. The 1994-1998 block was an 

exception when two models demonstrated almost identical fit. Interestingly these two 

models were also very close in composition (Table 4.1).  We used the subset of “best 

fitting” models to calculate and illustrate the spatiotemporal changes in occurrence for 

lynx across the study area. When assessing which predictor contributed the most to model 

fit, we looked for variable stability. Variables with 95% CIs not crossing zero are 

considered more stable than those that crossed zero (Hooten and Hobbs 2015, Kadane 

and Lazar 2004). 

Detection model 

Trapper effort and road density were in almost all cases positively associated with 

probability of occurrence. There existed two blocks, (1984-1988 and 1989-1993) when, 

trapper effort showed an inverse relationship with probability of occurrence. Road 

density had a single period (1986-1990) when the relationship with probability of 

occurrence was negative rather than positive (Fig. 4.1a-b). 

Occupancy models 

Just as model composition varied from time block to time block so did the variable 

appearing as the most stable predictor of occurrence. Six of the 10 model periods showed 

a positive and stable relationship between percent cover of black spruce and occurrence  
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probability (Fig. 4.1a-b). These included the 1994-1998 block when two similar models 

had almost identical fit. Black spruce was the only stable predictor variable for this time-

period.  All other variables straddled zero. Black spruce was also the only stable predictor 

during 1999-2003. Black spruce and percent non-vegetative cover were stable positive 

predictors of lynx occupancy during the 1998-2000 block though they both had wide 

confidence intervals. During the 1991-1995 time block black spruce and percent fire were 

the best predictors of lynx occurrence with fire indicating an inverse relationship to 

occurrence. The 1996-2000 period resulted in black spruce and percent sapling as stable 

positive predictor variables.  Percent fire in the previous 5 years was generally not a 

stable predictor variable except as noted above and during the 1989-1993 period when 

fire and percent immature vegetation were both positively associated with occurrence. 

Like fire percent non-vegetation cover had both positive and negative relationships to 

occurrence probability (Fig. 4.1b). The model blocks 2001-2005 and 2004-2008 were 

notable in that though they were they best fitting models, neither block had any predictor 

variables that did not straddle zero. During the 2001-2005 period, jack pine and white 

birch were the two variables with the least zero- line cross over. Both were mainly 

inversely related to occupancy with upper confidence interval (CI)l values of 0.03 and 

0.02 respectively. Percent non-vegetation cover was the variable with the least zero cross 

over (upper CI=0.03). It was mostly negatively associated with occurrence (Fig. 4.1a-b). 

Occupancy changes over time  

       Across the study area, geographic variation in the temporal fluctuation of occurrence 

probabilities was substantial. Beginning with 1989-1993 block areas of low occurrence (< 

0.50) increased and by 1994-1998 the entire study area contained less than 5 percent of 
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the area with occurrence values greater than 0.75 (Fig.4.2 a,b). This trend in decreasing 

lynx occupancy reversed after 1999 and the total area with high occurrence probabilities 

(≥ 0.75) areas expanded through the end of the study period. The extent of recovery 

varied depending on which binning model set was used as well as location (Fig. 4.3a,b).  

Primary or secondary binned model runs resulted in different total area of high 

occurrence percentage values. The primary bin run for Manitoba portion of the study had 

a greater proportion high occupancy value area (28%) than Ontario (13%). While the 

secondary bin runs resulted totals of 48% and 11% for Manitoba and Ontario, 

respectively. Locations of gains or losses in probability of occurrence shifted not only 

over time but also in space. Within Manitoba the areas of very high occurrence 

reappeared slightly north of the original location while in the Ontario portion these areas 

shifted eastward and thus created a distinct gap in higher levels of lynx occurrence 

between the eastern and western portions of the study area (Fig. 4.3 a,b). 

The overall pattern of decreasing and then increasing area occupied from initial 

through the final time block model was also generally true for the portions of the study 

areas with moderate occurrence probabilities (0.50-0.75) while those areas with low 

probabilities of occurrence < 0.50 had opposite patterns of those described above. Areas 

that initially had low probability of occurrence tended to stay low throughout all time 

blocks except during the 1999-2005 windows when portions of southwestern Manitoba 

increased from occurrence probabilities <0.50 to values 0.50 -0.75. During this period 

there was also a spike in the number of harvested lynx (Fig 4.3a,b,c). The patterns noted  

for both occurrence probabilities above and below 0.50 were found even amongst the 
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Fig 4.1 a 95% credible interval (CI) and means for detection and occurrence variable of 

best fitting restricted spatial regression for each 5 year time block.Block 1994-1998 had 

two models with similar fit. Variables with CI staddling the zero line are considered less 

stable than those primarily on either side and have less predictive importance. Detection 

covariates are Eff_Hi= Trapper effort high, Eff_Lo+Trapper effort low and Road= Road 

density. Occurrence covariates are JaPi=jack pine (Pinus banksiana), BlSp= black spruce 

(Picea mariana),WhBi=white birch (Betula papyrifera),Sap=forest age class 10-40 years 

old,Imm=forest age class 30-80 years old, NonVeg=areas without vegetation and 

Fire=area burned in the 5 years preceding the time block. 
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Fig, 4.1b 95% credible interval (CI) and means for detection and occurrence variable of best 

fitting restricted spatial regression for each 5 year time block. Variables with CI staddling the 

zero line are considered less stable than those primarily on either side and have less predictive 

importance. Detection covariates are Eff_Hi= Trapper effort high, Eff_Lo+Trapper effort low 

and Road= Road density. Occurrence covariates are JaPi=jack pine (Pinus banksiana), BlSp= 

black spruce (Picea mariana),WhBi=white birch (Betula papyrifera),Sap=forest age class 10-

40 years old,Imm=forest age class 30-80 years old, NonVeg=areas without vegetation and 

Fire=area burned in the 5 years preceding the time block. 
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non-selected models.  

Long-term, range-wide assessments of snowshoe hare abundance were not available 

for our model but we surmised from studies investigating variability in hare cycles across 

their range that for our study area hare cycle lows occurred in roughly 1984/85, 1994/95 

and 2004/2005 with cycle highs approximately 5 years after the first two low periods but 

only 2 years after the third low period (Fig 4.3c); (Hodges 2000a, Krebs et al. 2103).   

Within our study area, changes in the raw number of harvested lynx followed our 

postulated timing of the snowshoe hare cycle but the fluctuation in AOO patterns did not 

follow the hare cycle as closely. Changes in AOO demonstrated a longer response 

(almost 10 years) to up and down swings in the hare cycle with the secondary time series 

(1986-2010) showing greater synchrony than the primary series (1984-2008). This 

heightened lag is best illustrated in our models by the third period where AOO reached its 

nadir despite the current and prior hare peak and an increase in lynx harvest numbers (Fig 

4.3a-c).  

Discussion 

We used fur harvest data for Canada lynx between 1984 and 2010 to determine if 

changes in occupancy would expose distinctive changes in AOO patterns. Our results 

indicated that probability of occurrence for Canada lynx has a high degree of 

spatiotemporal variation over relatively short windows of time (5 years). This variation 

was evidenced both in AOO probability differences across the study area and as AOO re-

emerged and transitioned from high occurrence probability values to lower values and 

back again (Fig. 4.2 a,b). Specific portions of the study area maintained high to very high 

occurrence probabilities (≥ 0.65) throughout many, though not all, of the time series. 
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Thus highlighting the possibility that they served as core habitat where conditions 

retained greater habitat suitability for Canada lynx or their prey during the 27 years we 

modeled. Between the two multi-year time series, there were an average of 330 hexagons 

(404, 256 respectively) across the study area with probability of occurrence values 

always greater than 0.65.  These potential core areas varied in size but ultimately served 

as a nucleus around which higher occupancy areas re-expanded after model periods of 

AOO decrease. Generally, our putative core areas coincided with habitats comprised an 

average of 50% black spruce and a mean age of 60 years. Like Koen et al. (2014), we 

found diminished probability of occurrence in the southern portion of Ontario where 

habitat and harvest have declined over the past 20 years. Our models also indicated 

reduced occurrence within the central portion of the study area but the driving factors 

behind this pattern are not clear. That no single model or variable in this study wholly 

explained the observed patterns was not unexpected given both the large extent of the 

study area and to the ability of Canada lynx to successfully use different forest stages and 

types across their range (Mowat et al. 2000 Hoving et al. 2004).   

Overall, however, our findings were consistent with the studies describing optimal 

habitat for lynx as dominated by a conifer (black spruce) overstory punctuated with areas 

of younger seral stage vegetation (Poole 2003, Hodson et al. 2011). Black spruce variable 

coefficients, in our models, were largely above zero and thus reflected a positive 

association for lynx occupancy. Seral stage habitat conversions can result from 

disturbance caused by forest management practices or natural disturbances and were 

represented in our models as stand age and percent fire respectively (McIver et al. 2013). 

Habitats more likely to contain seral stage disturbances usually predicted locations with 
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higher probabilities of occurrence for lynx (Simons-Legaard et al. 2013).  While in our 

models stand age and fire were not always positive predictors of lynx occurrence, they 

did produce 95% CI means consistently above zero, except for 1991-1995 when fire had 

a strong inverse relationship with lynx occurrence.  Given the large study area and the 

high potential for habitat variability within any sample unit, it was not surprising that 

stand age and fire were slightly unstable predictor variables. Of interest was the shift 

from a strong positive to a strong negative relationship for fire from the 1989-1993 block 

to the 1991-1995 block. Closer analysis of fire data revealed that during 1989 a series of 

lightning strike and anthropogenic caused fires burned 38,051 km2 of the study area.  

Though that number represents only 4% of the entire study area, the burned areas were 

largely in the western portion of the study area (Fig 4.1).  By comparison, in the 27 years 

of lynx harvest data only one other year (1995, 14,269 km2) even approached the area 

burned in 1989. Thus, highlighting the effect of the1989 fires on occupancy (NFDB) 

http://cwfis.cfs.nrcan.gc.ca/ha/nfdb.  

Vertebrate abundance or occupancy (positive and negative) responses to fire 

disturbance are known to change with “time since fire” and may provide insight into the 

shift from a positive to negative response between 1989-1993 and 1991-1995 blocks 

(Fontaine and Kennedy 2012, Lindenmayer et al. 2016).  During 1989-1993 fire effects 

were recent and should have decreased or eliminated habitat suitability for snowshoe 

hare, a primary prey for lynx, resulting in decreased areas of higher occupancy values for 

lynx (Fisher and Wilkinson 2005, Feierabend and Kielland 2015). Conversely, the 1991-

1995 block was slightly further removed in time from the fire effects. Vegetation 

regrowth suitable for snowshoe hare would have begun and with it at least a partially 

http://cwfis.cfs.nrcan.gc.ca/ha/nfdb
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positive fire to occurrence response (Fisher and Wilkinson 2005). Snowshoe hare are 

positively associated with regenerating post- disturbance forest, but our results were 

opposite of the typical response of snowshoe hare to forest structure disturbance (Hoving 

et al 2004, Mowat et al. 2000). Details on fire severity or the percent of habitat burned 

were not available and a full understanding of the response of lynx occupancy to the 1989 

fires remained inconclusive.  Generally, the long-term effects of fire on vertebrate 

species’ distributions can be difficult to pin down given the number of other 

environmental factors such as burn pattern, extent of timber harvest, climate or altered 

trophic interactions (Fontaine and Kennedy 2012, Lindenmayer et al. 2016).  

There are alternate mechanisms that may have driven the observed fire/occupancy 

response. These included boosted predation success for lynx due to lack of adequate 

escape cover for hares during 1989-1993 and a subsequent decline in predation success as 

vegetation structure and cover began to recover (Lindenmayer et al. 2016, Torre and Diaz 

2005).  Though less likely but still possible, burned forest areas may also have facilitated 

trapper access through the opening of clear areas in forest stands or dense brush areas 

(Wiebe et al. 2013). More likely, post fire openings translated to greater harvest success 

due to habitat increase for snowshoe hare and hence elevated lynx occurrence 

probabilities and the associated AOO patterns (Webb and Boyce 2009).  

We made an overall assumption about the relationships between harvested lynx and 

use of stand age due to the limited temporal extent of the forest data layer. Lynx 

harvested prior to 2000 would potentially be mismatched with the stand age variables in 

the models. The only model where this might have been an issue was the 1984-1989 

model. Sapling age class (10-40 years) was a variable in the top model. Trees less than 16 
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years of age may not have been established. All other models either did not have age 

class or contained the immature (40-80 years) class. This age class would not have 

changed for lynx harvested prior to 2000, thus any match between the forest data and 

what harvest lynx would have experienced should have been minimal. 

Though we attempted to temper the direct effect of the number of lynx pelts taken in 

our model by using both a subsampling layer and treating harvested lynx per TU as a 

binary value, we acknowledge that raw harvest values possibly influenced occupancy 

patterns. For example, during 1995-1998 Manitoba imposed a moratorium on lynx 

harvest, though there was still a small recorded harvest for those years (Fig. 4.3c) (Poole 

2003). While AOO declined during that time within the Manitoba portion of the study 

area, it also did so for the Ontario portion which had raw pelt harvest values equal or 

greater to the two previous time blocks. Additionally, both the initial and shifted models 

show the same pattern despite the shifted model including two years of moratorium-lifted 

data; thus we believe that raw harvest values were not directly driving AOO reductions.  

Other issues to consider with the harvest data were the number of missing values from 

year to year for trap lines. We attempted to address this issue by using 5 year time blocks 

to ensure at least 3 visits for any trap line within the 5 year block to determine occupancy 

(MacKenzie et al. 2003, Clark et al. 2016) but the pattern of the occurrences within the 

time blocks may have still resulted in less than 3 visits for some traplines.   Given the 

rather coarse scale of the data we believe that this is unlikely to have changed the 

resulting occupancy values to any great extent. The limitations imposed by missing 

values in our data set could also have affected our occupancy value results by limiting the 

“bin” widths we used. Given though that we selected a bin width that was ecological 
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based as well as computationally sound, we feel that the resulting changes in AOO, 

though perhaps coarse due to the nature of the data, are not spurious. 

Though relationships between occupancy and abundance have been demonstrated, 

these relationships are not always straightforward and can be influenced by a variety of 

factors, most notably scale and sampling bias (Boregaard and Rahbek 2010). Our models 

produced AOO changes with a longer period of high-low-high than those described by 

fur harvest records and typically linked to snowshoe hare abundance cycles (Brand and 

Keith 1979, Mowat et al. 2000, Krebs et al. 2013). Thus, we concluded that snowshoe 

hare abundance alone did not explain our observed changes in lynx occurrence and that 

the patterns we observed were the product of a more complex suite of factors including 

spatiotemporal scale.   Changes in AOO are the by-product of extinction and colonization 

events and the transition between events may require longer time spans than apparent 

changes in abundance, which may also be observed sooner at a finer or more local scale 

than our study (He and Gaston 2000a, He and Gaston 2000b, Boregaard and Rahbek 

2010). Often, harvest data are not spatially explicit; hence our observed AOO patterns 

may have been influenced by this as well.   Regardless, this prolonged response illustrates 

the need for caution when determining not only harvest quotas for lynx but also for land 

management or habitat conservation and restoration efforts with lynx as the focal species 

as finer or local scale observations may not represent trends in range-wide patterns (Ivan 

et al. 2014, Licht et al. 2015, Miguet et al. 2015).   

Lynx AOO is considered stable throughout much of its northern range but has 

decreased at the southern extent (McKelvey et al. 2000). Our models showed an increase 

in areas with lower occurrence values, across the southern portion of the study area.  The 
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southern area, though, also included transitory periods of occurrence increase. Areas 

where these increases occurred lend credence to the hypothesis that US lynx populations 

along the US Canadian border are supplemented by immigration during cycle upswings 

(Schwartz et al. 2002, Murray et al. 2008).  Occupancy values derived by our models 

1999-2008 showed an increase of suitable areas of occurrence for lynx along the Ontario-

Minnesota border. Analysis of harvest data immediately prior to 1999 showed very low 

occurrence probabilities within the same areas.  Lynx surveys and research conducted 

between 1999 and 2006 provide a measure of support for our observed patterns and, 

conversely, our models may provide further insight into their results (Burdett et al. 2006, 

2007). The 1999-2000 data did not result in detection of any lynx in this area, though 

lynx were known to be present but in low numbers. The later study (Burdett et al. 2007) 

provided information on collared lynx that showed trans-border movement in areas where 

AOO had returned to highly suitable probabilities and points again to the importance of 

landscape conservation or management directives to conserve potential dispersal 

pathways.  

Conclusion 

Our results demonstrate the need to look beyond static occupancy patterns. Spatial 

variation in AOO caused by colonization and extinction may highlight areas of stable or 

vulnerable persistence with a species range (Broms et al. 2016). While most research 

indicates that at least within the core of their range lynx are generally resilient enough to 

sustain annual harvests, it has also been suggested that habitat loss from climate change, 

forest management practices or land conversion could negatively impact these cores areas 

(Simons‐Legaard et al. 2013, Hornseth et al. 2014, Simons-Legaard et al 2016). Patterns, 
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though, derived from occupancy models derived from fur harvest records may be specific 

to both the scale, spatial extent and geographic precision of the data used in the modelling 

process and must be considered when interpreting the patterns.  While we believe the 

observed patterns represented actual changes in lynx AOO we recommend that 

improving geographic precision would refine the models and perhaps reveal more 

specific or defined factors driving the resulting patterns. We also suggest that further 

analysis be conducted on how the positioning and extent of missing occurrence values 

affect occupancy results and changes in related AOO patterns. 
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Chapter Five 

Synthesis 

This thesis demonstrated the potential for using large presence-only datasets in creating 

range- wide ecological models that can assess changes in a species distribution over time 

and space. While presence-absence data are commonly used in ecology because they are 

easy to collect, cost efficient, and often non-invasive to the species under study, I found 

that presence-only data gathered from either museum collection expeditions or hunter 

harvest are also useful but contains inherent biases that need to be accounted for in both 

the modelling process and the interpretation of the results (Cattadori 2003, Royle and 

Dorazio 2008). I used existing spatial temporal model algorithms that accounted for 

issues with autocorrelation of occurrences and improved them through the addition of 

population characteristics such as abundance fluctuations and dispersal to better examine 

changes to in the EOO and AOO over time and space. I focused my investigations on two 

common but ecologically and economically important mammalian residents of the North 

American Boreal forests: the snowshoe hare and the Canada lynx. Both species have 

similar current and past distributions. Additionally, their AOOs both fluctuate over time 

in similar yet distinct patterns that are intertwined.  

Regardless of the modelling algorithm, my efforts produced results that, though 

ecologically representative, were somewhat coarse in their implications (Carroll 2007, 

Gonzalez et al. 2007, Tape et al. 2015). I believe this was primarily an artefact of the 

input data’s lack of geographic specificity. This was particularly true of the Canada lynx 

harvest data which could only be assigned the location of the trapping unit’s centroid and 

trapping units were not of uniform size. I used a secondary uniformly sized sampling 
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layer with the harvest data that reduced the effect of the generalized location but model 

results were best used to draw conclusions about changes in EOO and AOO at coarse 

rather than fine spatial scales.  

Despite the lack of fine scale interpretations, all three modelling efforts illustrated 

how underlying fluctuations in population abundance likely affect the EOO and AOO for 

a species. Chapter 2 demonstrated how abundance fluctuations during the snowshoe hare 

cycle impacted the extent that hares might invade newly available habitat during 

anthropogenic habitat change.  I found that the lower or no amplitude cycles resulted in 

greater the expansion distances; increasing cycle amplitude produced less expansion 

distance but more expansion rates into newly available habitats. I concluded that while 

the high amplitude fluctuations may be advantageous when expanding into new habitats 

over long time frames, they are potentially less effective when habitat changes are rapid 

or habitats are highly fragmented Cycle dampening, which may be exhibited by 

snowshoe hare at their southern EOO, may ultimately enhance the hare’s ability to invade 

or maintain a presence in limited or degraded habitats. A species’ ability to advance into 

altered habitats is dependent on multiple factors including the rate of change in the 

habitat and the abundance of the invading population. Thus the results of Chapter 2 are 

not limited to interpretations about the EOO for snowshoe hare or only cyclic species but 

should be also be considered when assessing the ability for any species to invade altered 

habitats (Berestycki et al. 2009, Altwegg et al. 2013). 

In Chapter 3 I demonstrated the utility of fur harvest data for fitting occupancy 

models. I validated the harvest-based lynx occupancy model against an occupancy model 

fitted with more traditionally used lynx snow track transect observations. The fur harvest 
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record-based occupancy models predicted the observed harvest and snow track 

occurrences better than an occupancy model developed from the snow track data alone. 

The fur harvest models had area under the receiver operating characteristic curve (AUC) 

values 7 points higher than the snow track data-based model. The fur harvest models had 

the advantage of covering a longer period which spanned the cyclic low that occurred 

during the snow track transects. These results emphasize the importance of using data 

sets spanning periods exceeding the length of population abundance cycles to fully 

understand potential changes in the AOO for any species (Imperio et al. 2010, Fischer et 

al. 2016). Data sets spanning longer periods minimize the risk of misinterpreting both the 

patterns and agents of changes in AOO. While fur harvest records provided an 

opportunity to develop occupancy models covering extensive time periods its successful 

use was predicated on the inclusion in the model of estimates of trapper effort (Cattadori 

et al. 2003, Fischer et al. 2016).  

Chapter 4 expanded the model in Chapter 3 to look at AOO dynamics over 27 

years of lynx fur harvest data. In Chapter 4 the models investigating dynamic occupancy 

shifts demonstrated how the probability of occurrence for lynx across the study area was 

highly variable both spatially and temporally. The variability also extended to the 

primary habitat factors associated with predicting occurrence.  Though I had a longer 

time series of harvest data than in Chapter 3, it was applied over a larger study area which 

increased to some extent the generalization of both trapper effort and harvest location. 

Though the changes in AOO can be viewed as representative of actual transitions in 

probability of occurrence across time and space, a potential concern with our model was 

the overestimation of the high and underestimation of low occurrence values caused by 
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the lack of precise values for trapper effort and occurrence locations (Cattedori et al. 

2003). Regardless of potential model accuracy issues caused by over-or underestimation 

of occurrence probabilities, the modelling techniques used to illustrate changes in the 

EOO and AOO in Chapters 2-4 demonstrated the importance and utility of accounting for 

spatiotemporal variation in EOO, AOO and probability of occurrence when making 

management and conservation decisions. Additionally, tailoring the occupancy and 

maximum entropy modelling techniques to specifically address the dynamic or static 

nature of EOO and AOO over geographic areas and time frames larger than an area under 

consideration for management may reveal information about population trends not 

discernable over smaller spatiotemporal extents. Establishing the existence or lack of 

larger temporal and areal patterns may reveal changes in a species abundance, habitat use 

or even indicate areas where ecological information is lacking. 

Given increasing economic concerns over funding for conducting ecological 

studies, there is great need for increasing knowledge about the computational limitations 

of harvest and archival data sets. Though much has already been accomplished toward 

furthering this knowledge, especially regarding the use of archival data in ENMs, many 

questions remain unanswered.  For example, using presence-only or presence absence 

data to inform conservation and management decisions requires acknowledging the 

limitations inherent in these types of data sets. Their overall effectiveness hinges on 

evaluating their spatial precision and independence.  Improving the functionality of 

harvest records by requiring individual trap geospatial data as well as metrics on harvest 

effort should improve model fit when answering explicit ecological questions. Future 

research in this direction should include developing relationships with trapping groups 
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for the collection of both trapper effort information as well as specific animal harvest 

locations. Another avenue of research centers on validation of presence-only data sets 

against similar presence-absence data sets collected using either track transect or non-

invasive methods such as game cameras or hair snares. Should validation studies support 

presence, is comparable to presence absence data, then questions regarding the scale of 

conservation and management decisions could be investigated.  Harvest and archival data 

can also lack spatial and possible temporal independence. Though point filtering methods 

have been explored for ENMs, less attention has been given to this aspect of data bias in 

occupancy models, aside from correcting for detection bias.  Despite these issues, 

presence-only data from harvest or archival data sets provides an available and 

potentially expansive set of species occurrence locations which can be used with various 

distribution modelling algorithms to answer questions about EOO and AOO across the 

globe.  
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APPENDIX A 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Occupancy Model Fit Value 84-88 89-93 94-98 99-03 04 to 08 86-90 91-95 96-00 01-05 06-10

D.m 2847.62 1460.41 1328.32 3331.44 3561.79 1742.56 1677.45 1904.21 3534.25 3299.15

JaPi+Sap+NonVeg+Fire G.m 1387.32 715.36 653.93 1629.36 1730.54 850.36 822.83 933.15 1718.71 1611.82

Eff_Lo+Roads P.m 1460.30 745.04 674.40 1702.08 1831.25 892.19 854.62 971.06 1815.54 1687.33

AUC 0.81 0.82 0.78 0.78 0.83 0.86 0.81 0.79 0.82 0.81

D.m 2845.90 1460.22 1327.13 3329.67 3562.98 1743.07 1678.36 1903.79 3533.84 3301.87

JaPi+Sap+NonVeg+Fire G.m 1386.46 715.25 653.41 1628.49 1731.01 850.28 823.43 933.01 1717.34 1613.42

Eff_Hi+Roads P.m 1459.44 745.27 673.72 1701.18 1831.97 892.79 854.93 970.79 1816.50 1688.45

AUC 0.81 0.82 0.78 0.78 0.83 0.86 0.81 0.79 0.82 0.81

D.m 2849.04 1460.28 1328.66 3321.86 3558.26 1742.72 1678.18 1901.73 3531.52 3298.06

JaPi+BlSp+Imm+Fire G.m 1389.22 715.32 655.72 1622.55 1728.08 848.87 823.69 932.01 1714.96 1610.11

Eff_Lo+Roads P.m 1459.81 744.96 672.93 1699.30 1830.18 893.85 854.49 969.72 1816.56 1687.96

AUC 0.81 0.82 0.76 0.79 0.83 0.86 0.81 0.79 0.83 0.81

D.m 2850.97 1459.33 1326.70 3323.95 3558.40 1742.15 1676.10 1900.67 3530.72 3299.43

JaPi+BlSp+Imm+Fire G.m 1390.29 715.39 654.43 1623.15 1728.10 848.91 823.20 931.39 1714.32 1610.53

Eff_HI+Roads P.m 1460.68 743.94 672.27 1700.79 1830.30 893.25 852.90 969.28 1816.40 1688.90

AUC 0.81 0.82 0.76 0.79 0.83 0.86 0.81 0.79 0.83 0.81

D.m 2848.54 1461.02 1328.25 3325.59 3559.07 1742.91 1677.94 1901.21 3526.62 3300.01

BaPo+Sap+Fire G.m 1388.11 715.42 655.44 1625.66 1730.00 849.97 823.75 932.71 1712.72 1611.02

Eff_Lo+Roads P.m 1460.44 745.60 672.81 1699.93 1829.07 892.94 854.19 968.50 1813.91 1688.99

AUC 0.82 0.82 0.76 0.78 0.82 0.86 0.81 0.79 0.82 0.80

D.m 2848.39 1461.12 1326.89 3325.20 3560.63 1742.06 1676.88 1900.78 3528.54 3298.05

BaPo+Sap+Fire G.m 1387.68 715.99 655.13 1625.89 1729.75 849.46 823.12 932.21 1713.72 1610.33

Eff_Hi+Roads P.m 1460.72 745.13 671.76 1699.30 1830.88 892.61 853.76 968.57 1814.82 1687.72

AUC 0.82 0.82 0.76 0.78 0.82 0.86 0.81 0.79 0.82 0.80

JaPi+Imm+WhBi D.m 2847.54 1460.82 1329.12 3322.29 3560.78 1740.6 1676.62 1902.258 3522.93 3304.82

Eff_Lo+Roads G.m 1387.28 715.70 654.98 1622.25 1730.31 848.18 821.90 931.94 1710.12 1614.54

P.m 1460.30 745.12 674.14 1700.04 1830.46 892.42 854.72 970.32 1812.81 1690.28

AUC 0.82 0.82 0.78 0.79 0.83 0.86 0.82 0.79 0.82 0.81

D.m 2846.48 1460.88 1327.94 3325.08 3564.42 1740.70 1676.59 1901.24 3525.40 3305.07

JaPi+Imm+WhBi G.m 1386.97 715.87 654.42 1624.93 1732.17 848.11 822.47 930.98 1711.86 1614.72

Eff_Hi+Roads P.m 1459.51 745.01 672.97 1700.15 1832.25 892.58 854.12 970.26 1813.54 1690.35

AUC 0.82 0.82 0.77 0.79 0.83 0.86 0.81 0.79 0.83 0.80

D.m 2850.88 1461.10 1328.81 3325.34 3560.80 1742.98 1678.11 1902.03 3528.88 3300.10

JaPi+BlSp+Sap G.m 1389.69 715.85 655.08 1626.30 1729.99 850.37 823.83 932.43 1714.05 1610.49

Eff_Lo+Roads P.m 1461.19 745.25 673.73 1699.04 1830.81 892.62 854.27 969.61 1814.84 1689.60

AUC 0.81 0.82 0.76 0.78 0.83 0.86 0.81 0.79 0.82 0.81

D.m 2848.70 1460.06 1327.27 3326.38 3558.61 1742.01 1677.78 1899.75 3527.44 3298.17

JaPi+BlSp+Sap G.m 1388.53 716.06 655.12 1626.14 1728.61 849.88 823.85 931.10 1713.06 1609.80

Eff_Hi+Roads P.m 1460.17 743.99 672.15 1700.24 1830.00 892.13 853.93 968.65 1814.38 1688.37

AUC 0.81 0.82 0.76 0.78 0.83 0.86 0.81 0.79 0.82 0.81

D.m 2850.42 1460.00 1329.09 3323.17 3557.01 1740.72 1676.94 1905.23 3530.89 3299.02

BlSp+NonVeg+Fire G.m 1388.88 716.21 655.83 1623.26 1727.88 847.86 823.55 933.78 1715.50 1610.68

Eff_Lo+Roads P.m 1461.54 743.78 673.26 1699.91 1829.124 892.86 853.39 971.45 1815.39 1688.35

AUC 0.82 0.82 0.75 0.79 0.83 0.86 0.81 0.79 0.82 0.81

D.m 2850.24 1460.62 1326.40 3324.65 3556.35 1739.94 1676.53 1901.25 3531.24 3297.34

BlSp+NonVeg+Fire G.m 1389.25 716.30 655.01 1624.59 1727.36 847.45 823.84 932.46 1715.74 1610.13

Eff_Hi+Roads P.m 1460.99 744.32 671.38 1700.06 1828.99 892.48 852.69 968.80 1815.50 1687.21

AUC 0.82 0.82 0.76 0.79 0.83 0.86 0.81 0.79 0.82 0.81

D.m 2851.28 1460.33 1327.94 3327.16 3561.63 1740.01 1677.34 1901.68 3527.64 3303.98

BlSp+WhBi+Fire G.m 1389.36 716.087 655.17 1625.54 1731.47 847.79 823.86 932.48 1712.62 1615.26

Eff_Lo+Roads P.m 1461.92 744.24 672.77 1701.62 1830.16 892.22 853.47 969.20 1815.02 1688.72

AUC 0.82 0.82 0.76 0.79 0.82 0.86 0.81 0.79 0.83 0.80

D.m 2848.25 1460.44 1326.50 3322.79 3563.75 1740.00 1677.28 1900.18 3528.10 3303.30

BlSp+WhBi+Fire G.m 1388.28 716.33 654.73 1622.91 1732.80 848.10 823.67 932.01 1713.01 1614.94

Eff_Hi+Roads P.m 1459.98 744.11 671.77 1699.87 1830.95 891.90 853.61 968.17 1815.09 1688.37

AUC 0.82 0.82 0.76 0.79 0.82 0.86 0.81 0.79 0.83 0.80

YEAR

Table A1 

Table of occupancy models for each 5 year block, their respective minimum posterior 

predictive loss values and AUC scores. Eff_Hi and Eff_Lo represent high or low trapper effort 

and roads equals road density in the detection model. Model covariates are defined as follows: 

JaPi= jack pine (Pinus banksiana), BlSp=black spruce (Picea mariana), WhBi=white birch 

(Betula papyrifera), BaPo= Balsam Poplar (Populus balsamifera),Sap= forest age class 10-40 

years old, Imm= forest age class, 30-80 years old, NonVeg=percent of sample pixel area 

without vegetation, Fire=percent of pixel area burned in the 5 years preceding the block. 
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APPENDIX B 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure A1: Map of United State and Canada with locations of 361 museum 

records for snowshoe hare (Lepus americanus). Locations were used to create 

Maxent model for current and future environmental habitat niche work in chapter 

two. Resulting Maxent model map is shown in figure A2 below. 
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Figure A2: Maxent environmental niche map for snowshoe hare under current 

climate conditions. Niche suitability map generated using advanced very high 

radiometer (AVHRR) continuous tree cover grid, soils from the Food and 

Agriculture Organization (FAO) Harmonized World Soil Database (HWSD) 

(www.fao.org/nr/land/soils/harmonized-world-soil-database/en) and the 

following bioclimatic variables from the WorldClim database:  annual mean 

temperature, temperature seasonality, maximum temperature warmest month, 

minimum temperature coldest month, annual precipitation, precipitation 

seasonality, precipitation of the warmest quarter and precipitation of the coldest 

quarter. Niche suitability values ranged between 0 and 0.84. The darker blue 

colors represent 0.0.25, light blue 0.25-0.50, light green, 0.50-0.75 and darker 

green 0.75-0.84. 
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APPENDIX C 

The ENMeval R package (Muscarella et al. 2014) was used to automatically 

execute a series of ecological niche models (ENMs) using the Maxent algorithm. 

ENMeval allows a variety of user-defined settings (i.e. regularization multipliers and 

feature classes) and then conducts k-fold cross validations using one of six methods to 

partition the data into testing and training bins. We compared model output using area 

under curve (AUC), AICc and 10% omission rate. The final three top models were then 

compared using Shoener’s D to calculate a similarity statistic. The best performing 

models based on the above listed metrics was used as the current snowshoe hare 

ecological niche and provided the baseline model for all subsequent snowshoe hare 

models. Appendix A gives the Maxent output of that model and the snowshoe hare 

locations used to generate the model. 

All calculations in ENMeval are based on raw Maxent output and not using the 

logistic or cumulative transformations. The models are run with clamping and the “no 

add sample to background” and “nor remove duplicates options”. Duplicate locations 

were removed prior to model development. 

        We partitioned the data using the block method and created a vector of 

regularization multipliers values between 4.5 and 8 in 0.5 increments. Maxent uses the 

principle of maximum entropy on presence-only data to estimate a set of functions 

relating environmental variables and habitat suitability to approximate the species’ niche 

and potential geographic distribution (Phillips et al. 2006). Maxent uses L1 regularization 

to constrain modeled distributions to lie within a certain interval around the empirical 
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mean rather than matching it exactly. L1 regularization operates by minimizing the 

following expression: 

 (Phillips et al. 2006).  

�̃�(−𝑙𝑛[𝑞𝜆]) +∑𝛽𝑗|𝜆𝑗|

𝑗

 

     The first term represents the log loss, while the second term consists of a set of 

weights (kj) for the j features used to build the model and a set of weighting penalties, bj. 

Varying β (the regularization multiplier value for each type of feature class variable we 

used (linear, quadratic, hinge, product) allowed decisions on model performance. Tables 

1 through 3 below give the results of model selection using ENMeval. Table 4 is the 

Shoener’s D comparison of the 3 top models compared to our model produced in Maxent 

allowing default options rather than fine tuning the model. 
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AICc values for Maxent models tuned with ENMeval R package. Feature 

= the feature classes of linear, quadratic, hinge or product. RM= the 

regularization multiplier and n param is the number of parameters in the 

model. Models 12, 14 and 16 were considered among the best fitting 

models. Model 12 was the final model selected for use in in Maxent. 

Table A2 

A2 
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Table A5 

Shoener’s D comparisons of best performing Maxent models after tuning in ENMeval. 

Three best models have close evaluation metrics but vary greatly from default model 

Maxent would have produced without tuning. Feature class, and regularization 

multiplier values for model 12 are those used to produce Maxent model output seen in 

Appendix b figure A2. 
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APPENDIX D 

 

Figure: A3 Averaged fall and spring snowshoe hare densities between 1987 

and 2007 from the Kluane field station plotted against the percent browse of 

birch or willow consumed by hare. These data were used to support the 

relationship between hare densities and vegetation condition for the Maxent 

model used in chapter 2. 


