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ABSTRACT

The Bobcats of West Virginia: How Many and Where Are They?
Thomas F. Rounsville Jr.

Bobcats (Lynx rufus) are mesocarnivore felids that are now distributed nearly throughout the
entire United States. However, unsustainable harvests in the 1800s and early 1900s caused
massive population declines from which bobcats have only recently recovered. Populations have
recovered enough that they are harvested for their fur in many States. Since bobcats were listed
under Appendix Il of the Convention on International Trade in Endangered Species of Flora and
Fauna (CITES) in 1977, states that have bobcat harvests are required to have management plans
in place to ensure that harvest rates are sustainable. In West Virginia the current model for
bobcat management uses population and density estimates from locations surveyed in
neighboring Virginia. In order to ensure that harvest rates remain sustainable, new population
estimates are required, as well as information on the statewide distribution of bobcats. To collect
samples from wild bobcats a new non-invasive hair snare was developed: the bobcat hair snare
cubby. Over the course of two field seasons in March — August of 2015 and March — July of
2016, a total of 1,500 sites 10km? in size were sampled for bobcats. A total of 378 bobcat
detections were recorded, for an overall rate of 0.9 bobcat detections per 100 trap nights.
Occupancy models were constructed using the data collected only in 2015 and the combined
2015 - 2016 dataset. Average predicted probability of detection (p) was 0.133 + 0.027 and 0.098
+ 0.014, for the 2015 and the 2015-16 datasets, respectively. The average predicted occupancy
probability (y) was 0.858 £ 0.057 and 0.834 + 0.055, for the 2015 and 2015-16 datasets,
respectively. Bobcats were nearly ubiquitously distributed throughout West Virginia, and of the
tested hypotheses, human influences on the landscape had the greatest impact on both the p and
w of bobcats. To estimate the size of West Virginia’s bobcat population the combined 2015 —
2016 presence-absence dataset with the redone sites removed, and the best occupancy and
detection models from 2015 — 2016 was used to construct a Royle-Nichols model. The size of
the population was estimated at was 10,926.51 + 2,960.43, with a 95% confidence interval of
6,018.2 — 19,838.26. Of the total 378 bobcat detections, 230 successfully produced microsatellite
genotypes and 212 bobcat individuals were found to be detected once while 9 individuals were
detected twice. From the 2014 — 2015 bobcat hunting and trapping season a total of 304 bobcat
carcasses were collected from successful hunters and trappers. During necropsy, whole spleen
samples were removed from each animal and a subsample was taken for genetic analyses. A nine
locus microsatellite genotype profile was successfully constructed for 280 samples. Using three
separate methods, no population genetic structure with a geographical basis was detected. The
effective population size was calculated to be roughly 1,448.7 with a jackknifed 95% confidence
interval of 426.8 - «. Both the Sign Test and the Wilcoxon one-tailed test for heterozygote
deficiency supported a recent, statistically significant population bottleneck in West Virginia’s
bobcats. Additional bobcat carcasses were collected from the 2015 — 2016 hunting and trapping
seasons, from which spleen samples were also removed for a total of 528. DNA testing was
completed on the spleens to test for the presence of Feline Panleukopenia Virus (FPV) and
Canine parvovirus (CPV). A total of 17.6% of spleens were found to be infected and were DNA
sequenced to determine the viral type. CPV-2 / CPV-2a was detected in 85.4% of all positive
samples, 11.5% were infected with CPV-2b, and 3.1% were infected with FPV.
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Chapter 1 — Bobcat Literature Review

Introduction

Lynx rufus, commonly known as the bobcat, is a medium sized member of the cat family
(Felidae). Traditionally, the range of the bobcat encompassed the majority of the continent of
North America from Southern Canada into Mexico (Ray 2000). Currently, the bobcat occupies
much of this historical range due largely to its ability to adapt to areas of human disturbance.

While the historic and current range of bobcats may be similar, the prevalence of bobcats
in these areas has varied significantly over the past century. In the 1800s bobcats were
considered a nuisance species because of their predatory habits. As a result, many states
instituted bounty programs to reduce the overall population densities (Litvaitis et al. 2006). For
example, a bobcat bounty program with no closed season in New Hampshire was instituted in
1809 and remained in effect nearly continuously until 1974 when bobcats were awarded game
species status. The number of harvested bobcats dropped substantially in the 1960s and 1970s,
leading to eventual protected status of bobcats in that state. West Virginia, the focal location of
this study, had a similar bounty program in place until 1961 (personal communication: Rich
Rogers, West Virginia Division of Natural Resources), with roughly 10 pelts per year sold by
trappers in the state in the late 1960s. At that time, West Virginia’s bobcat population was then
considered to be consistently low based on lack of trapping success, and as such, bobcats were
granted game species status with a four-month trapping season in 1974. Since being afforded
these protections, the bobcat population within West Virginia has been increasing as evidenced
by increasing nuisance complaints, harvests, and harvest rates (personal communication: Rich

Rogers, WVDNR).



Bobcat abundance in the United States has been on the rise since the 1980s (Roberts and
Crimmins 2010), and since then many states have instituted more liberal harvest seasons and bag
limits for bobcats. However, many states still lack credible bobcat density estimates. Roberts and
Crimmins (2010) surveyed wildlife managers in the lower 48 states, as well as Canada and
Mexico, asking managers to provide information about bobcats found within their jurisdictional
areas. Of the 47 state wildlife management agencies that responded to the survey, 21 of these
agencies had no available estimate for the number of bobcats residing within their state. Even
though some states did not have an estimate of the number of bobcats within their jurisdiction,
96% of these management agencies estimated that the bobcat population in their state either had
increased or stabilized since 1981, based on data collected using one or more of the following
methods: public sightings; harvest analyses and population modeling; hunter surveys; and scent,
scat, track, or road kill indices.

Regarding conservation status, the recent recovery of bobcat populations across North
America has resulted in their classification as Least Concern by the International Union for
Conservation of Nature and Natural Resources (IUCN) (Kelly et al. 2008). However, bobcats
were included in the Convention on International Trade in Endangered Species of Wild Fauna
and Flora (CITES) Appendix Il in 1977, which requires careful monitoring of the hunting and
trading of the pelts of these animals, since they are a look-alike species to the endangered Iberian
lynx (Lynx pardinus) (CITES 15" Meeting 2010). Recent proposals to remove the bobcat from
CITES Appendix Il by the United States government have been unsuccessful, even though
bobcats are not deemed a species of conservation concern. While not afforded any protections at
the federal level, bobcats are still a protected species in some states such as Ohio where the

bobcat was recently removed from the state’s endangered species list (Ohio Department of



Natural Resources 2014); however, as of 2018, a harvest season for eastern Ohio bobcats has
been proposed by the Ohio Department of Natural Resources (Ohio Department of Natural
Resources 2018).

While bobcats are one of the most widely distributed carnivores in North America
(Roberts and Crimmins 2010), harvest management regimes deviate significantly from one
location to another (Figure 1). For instance, West Virginia has a bobcat trapping and hunting
season with a yearly bag limit of three individual bobcats (West Virginia Division of Natural
Resources, 2014). West Virginia’s neighboring states range from having closed bobcat seasons
in Ohio (Ohio Department of Natural Resources, 2014) and Maryland (Maryland Department of
Natural Resources, 2014) to a high of a 12 bobcat yearly bag limit in Virginia (Virginia

Department of Game and Inland Fisheries, 2014).
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Figure 1 — Map depicting the current hunting and trapping yearly bag limits in West Virginia and all bordering
states.

Bobcats live the majority of their lives in solitary home ranges that rarely overlap except
for males overlapping with females in some areas (Bailey 1974). Home ranges are maintained
with scent-marking and minimal interspecific conflict. When previously used home ranges
become unoccupied due to the removal of the previous resident, another bobcat of the same
gender will move into this area and establish a home range of roughly the same size (Lovallo and
Anderson 1995, Benson et al. 2004). This was determined through experimental removal of
bobcats in Mississippi and identification of other neighboring individuals expanding into this

area (Benson et al., 2004). When juvenile bobcats disperse from their natal habitat, they may



move into previously unused areas, if they are available (Kitchings and Story 1984). Dispersal
occurs in both genders of juveniles, but males are more likely to disperse a greater distance than
females, which exhibit some level of philopatry (Janecka et al. 2007, Croteau et al. 2010).
Johnson et al. (2010) found that in south-central Indiana, only 42% of dispersing juveniles were
able to establish a home range. Additionally, individuals attempting to establish home ranges in
fragmented habitats were often unsuccessful and were at risk of death by vehicle collisions.
When averaged across most available habitats in North America, male bobcats were
found to have larger mean home ranges (47.1 + 7.58km?) than females (23.9 + 7.58km?), with
the average bobcat home range irrespective of gender being 34.0 + 5.37km? (Elizalde-Arellano et
al. 2012). However, at northern latitudes these numbers can vary significantly, even across
seasons, as resource availability drives expansion or contraction of home ranges (Reed 2013). Of
the radio-collared animals used in this study, females had a mean home range of 23.84km?, while
males had a mean home range size of 81.6km?. The scent marking and home-range use patterns
of bobcats indicate that they socially operate under a premise known as land-tenure (Benson et
al. 2004). While extensive research has been conducted at the local scale to determine bobcat
movement patterns and home ranges, little research focus has been paid to the large-scale

movements of bobcats into areas from which they were previously extirpated.

Feline Panleukopenia Virus and Canine Parvovirus Testing?!
The feline panleukopenia virus (FPV) is a member of the viral family Parvoviridae and
was initially described in the 1920s (Siegl et al. 1985). Infection with FPV clinically manifests in

felids as a severe hemorrhagic gastroenteritis that is often fatal—especially in young animals

! This section of the dissertation was co-authored by Stephanie M. Landry as a part of her M.S. degree at WVU



(Schunck et al. 1995, Horiuchi et al. 1996, Kruse et al. 2010). Common symptoms of FPV
include lethargy, leukopenia and lymphopenia (low white blood cell counts), fever, diarrhea, and
vomiting. Once an infection becomes established, viral particles are shed at high titers in feces,
urine, saliva, nasal and ocular discharge, and vomit for roughly three weeks post-infection (Csiza
et al. 1971). Discharged viral particles remain infectious in the environment for up to a year
(Wasieri et al. 2009, Foley et al. 2013). Viral transmission generally occurs via the fecal-oral
route (Schunck et al. 1995) but can also occur through contact of mucous membranes with
infected individuals or objects on which viruses have been shed (Wasieri et al. 2009).

While originally discovered in felids, mutations of this single-stranded DNA virus led to
new FPV variants that infect a number of different host species (Allison et al. 2013). The most
important of these variants is the virus known as canine parvovirus (CPV), which causes similar
gastroenteritis symptoms and mortality in canids. CPV was originally discovered in the late
1970s (Decaro et al. 2010, Clegg et al. 2012, Allison et al. 2013) and at that time there was only
one variant of the virus which was known as CPV-2. Since the discovery of CPV, the variant
CPV-2 has disappeared from its worldwide distribution and it has been replaced by three new
variants CPV-2a, CPV-2b, and CPV-2c (Decaro et al. 2010). The rapid evolution of CPV, as
opposed to FPV, is thought to have been caused by the mutations in the capsid protein gene that
differentiate the two viruses, and that this gene is under positive selection in CPV (Hoelzer et al.
2008).

The new variants of CPV are important to felids because they can cross the species
barrier back into felids and cause disease, unlike the original CPV-2 (Battilani et al. 2007).
Recent research has shown that many clinical cases of FPV are actually caused by a variant of

CPV-2 in felids (Hoelzer et al. 2008, Decaro et al. 2010, Miranda et al. 2014). Ikeda et al. (2000)



concluded that CPV may be spread more easily between felids than FPV, when they found that
80% of viral isolates from domestic cats and leopard cats (Prionailurus bengalensis) were CPV-
2alc, not FPV. Clegg et al. (2012) found that of the 230 felines sampled for FPV and CPV at an
animal shelter, none were infected with FPV while roughly 33% tested PCR-positive for CPV.
CPV and FPV were traditionally considered to be different viruses; however, recent genetic
systematics research has resulted in taxonomical changes and both viruses have been reclassified
together as Carnivore protoparvovirus 1, along with the mink enteritis virus (MEV) and raccoon
parvovirus (RaPV) (Cotmore et al. 2014).

While CPV and FPV appear to pose the greatest threat to domestic species, these viruses
also pose an enormous threat to wild felids. Non-domestic felids can be infected by CPV and
FPV and are susceptible to disease—particularly young or already sick individuals. Wasieri et al.
(2009) described a case study of an Eurasian lynx (Lynx lynx) and an European wildcat (Felis
silvesteris) that died of the complications caused by an FPV infection spread from wild domestic
cats living in the area. A serological survey of mountain lion adults in California found that 39%
had been exposed to FPV (Foley et al. 2013), which may be a threat to the survival of their
offspring. An FPV outbreak in South Africa was responsible for the deaths of captive-bred non-
domestic felids, and while not able to be directly proven, it was suspected that the source of the
infection was feral domestic cats (Lane et al. 2016). The phylogenetic research of parvoviruses
by Allison et al. (2012, 2013, 2014) concluded that FPV and CPV transmission between
domestic and wild species appears to be commonplace and bi-directional, with the most likely
route of transmission being predation events or scavenging. However, the extent of the threat that

domestic animals present to wild felids is something that has not yet been quantified.



Additional research needs to be conducted to determine how CPV and FPV is transferred
between domestic and wild populations (Wasieri et al 2009, Foley et al. 2013, Lane et al. 2016).
As human encroachment and development into wildlands continues, interactions between
domestic and wild animals are becoming more common and the threat of domestic wildlife

diseases negatively impacting wildlife populations becomes greater.

Non-Invasive DNA Collection

Over the past two decades, advances in genetic technology have resulted in a shift in the
methodologies used to collect samples for wildlife studies. Non-invasive sampling techniques
such as camera traps, scat transects, and hair snares are now the most commonly used to collect
bobcat population information. Camera traps have been successfully used to document bobcat
presence and estimate abundance or density when individual identification is possible from
images (Heilbrun et al. 2003, 2006, Larrucea et al. 2007, Long et al. 2007, Symmank et al. 2008,
Comer et al. 2011, Clare et al. 2015, Lesmeister et al. 2015, Lewis et al. 2015, Thornton and
Pekins 2015, Lombardi et al. 2017). Camera trap costs have declined significantly since the first
study conducted in 2003; however, using cameras to survey large areas still requires a sizable
investment of resources. Scat transects, conducted using both human observers (Ruell et al.
2009, Morin et al. 2018) and detection dogs (Harrison 2006, Long et al. 2007), have also been
successfully applied to the estimation of bobcat abundance, density, or occupancy. When directly
comparing these two methods, scat detection dogs were found to be the most effective at finding
bobcat samples, but they also had the greatest associated costs (Long et al. 2007, Harrison 2010),

limiting the size of the overall study area. In contrast, hair snares have the lowest deployment



costs, allowing for a much larger area to be surveyed with the same amount of expenditures. For
large-scale studies, hair snares are often the only cost-effective option available.

The use of hair snares in wild felid research came into prominence after the development
of the carpet scratch pad by McDaniel et al. (2000), which was successful in collecting hair
samples from Canada lynx (Lynx canadensis). The device they developed was effectively used to
study other species such as ocelot (Leopardus pardalis) (Weaver et al. 2005). Little success was
reported when using the same carpet scratch pads to specifically target bobcats. In New Mexico,
Harrison (2006) installed the carpet scratch pads as described in McDaniel et al. (2000) and
achieved only one detection over 700 trap nights, even though bobcats were known to inhabit the
study area. Long et al. (2007) deployed these same devices in known bobcat habitat in Vermont
for 2,072 trap nights and failed to achieve any detections. More recently, Comer et al. (2011)
collected hair from only one bobcat in 1,680 trap nights in eastern Texas, even though bobcats
were detected by cameras at 15 carpet scratch pad sites. Comer et al. (2011) found that bobcats
did not exhibit the rubbing response that was characteristic of Canada lynx, and thus were not
sampled by the devices designed by McDaniel et al. (2000). Recent research using both cameras
and the Canada lynx hair scratch pads found that hair snares had less than half the detection
probability as compared to remote cameras, both located at the same sites (Crowley and Hodder
2017).

Due to the poor performance of the carpet scratch pads, most recent bobcat studies (Erb
et al. 2012, Nogeire et al. 2013, Clare et al. 2015, Lesmeister et al. 2015, Lewis et al. 2015,
Thornton and Pekins 2015, Wang et al. 2015, Lombardi et al. 2017) have used remote cameras,
which is now the preferred sampling method. However, one recently published study has used a

new approach to attempt to collect bobcat hair. In the upper peninsula of Michigan, Stricker et al.



(2012) deployed a modified cable snare (Depue and Ben-David 2007) that was designed as a
single-sample device placed in areas surrounding sites baited with deer carcasses. This device
was constructed specifically as a passive device to collect hair samples without the required
cheek rubbing behavior of the carpet scratch pad. Over the course of an 8-week study in a
278.5km? study area, a total of 230 hair samples were collected, of which 17 originated from
bobcats, for an overall detection rate of 0.189 bobcats per 100 trap nights. This was the first
study that documented the successful use of hair snares to sample wild bobcats and estimate
population size by using a novel hair snaring method; however, their method is not feasible for

heavily forested, mountainous terrain, like that found in West Virginia.

Population and Landscape Genetics

Population genetics is the study of allele frequencies within and between different
populations of the same organism. The direct application of this field to wildlife management is
that it can be used to determine genetically distinct subsets of a certain species or it can be used
investigate how animals move across the landscape with much greater detail than can be done
with traditional telemetry studies. Also of relevance to this project is a relatively new application
of population genetics, landscape genetics, which is defined as the study of how heterogeneity of
the landscape impacts allele frequencies in a population. Manel et al. (2003) published the first
synthesis of techniques available to study this new field, with a specific emphasis on identifying
how landscape features can enhance or prevent gene flow. While this paper represented the
emergence of this new field, it was not until years later that the quantitative requirements of

landscape genetics were made (Storfer et al. 2007).
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In the most recent synthesis on the topic, a textbook by Balkenhol et al. (2015), the
authors establish three analytical requirements to meet when completing a landscape genetics
study: 1) a concrete measurement of genetic variation amongst individuals, 2) a method to
quantify landscape variation, and 3) a statistical method to quantitatively link genetic and
landscape variation. The population and landscape genetics studies highlighted in this review
will focus mainly on the detection of barriers to gene flow in bobcats in different locales across
North America.

While not at the scale of resolution for regional management purposes, a significant study
on the population genetics of bobcats across the United States was completed by Reding et al.
(2012). This study analyzed portions of the mitochondrial genome (mtDNA) and 15
microsatellite loci for over 1,700 samples to determine the genetic differentiation in bobcats at
the continental scale. Bobcats of the eastern and western United States were genetically
divergent even though no formal boundary to gene flow was detected. At the regional scale
including West Virginia, a Bayesian clustering analysis found a genetically differentiated
population of bobcats in Pennsylvania, but West Virginia and the other surrounding states were
clustered into a group known as “southeastern.” This evidence suggests that there is some
potentially significant genetic differentiation between West Virginia and Pennsylvania, but not
enough samples were collected from this transition zone to be conclusive. Reding et al. (2012)
also speculated that, when looking at a continental scale, anthropogenic influences were most
dramatic in the eastern United States and these eastern bobcats were not as genetically
homogenous as western bobcats. It is this lack of genetic homogeneity in the eastern United
States which may also indicate a patchy distribution of bobcats within and between the areas

surrounding West Virginia.
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In another range-wide study of the population genetics of bobcats in North America,
Croteau et al. (2012) used both microsatellite genotyping and mitochondrial haplotyping to
investigate genetic differentiation. The authors found significant genetic structure between the
bobcats in the eastern and western parts of North America using mtDNA. Genetic structure was
also documented when comparing bobcats of the Midwest and eastern North America
populations revealing the presence of barriers to gene flow at this large landscape scale. A
microsatellite genotyping project conducted in Ohio found that the bobcats inhabiting eastern
Ohio are genetically differentiated from neighboring populations in western Ohio, Pennsylvania,
West Virginia, and Kentucky (Anderson et al. 2015). Rather than being the remnants of a re-
emerging population, the authors found evidence of a slight founder effect and hypothesized that
the bobcat population now found in eastern Ohio is the result of movements of individuals in the
area from source populations in other states.

In addition to bobcat population genetic studies at the regional scale, there have also been
a few studies at more narrow geographic scales highlighting some potential barriers to gene flow.
A study completed in California used microsatellites to highlight the movement of bobcats in
relation to barriers across an urban landscape, found significant genetic distance when the 1-5
highway was considered (Lee et al. 2013). Two other population genetics studies conducted in
California also reached the same conclusion regarding major highways as significant barriers to
gene flow in bobcats (Ruell et al. 2012, Serieys et al. 2015).

In contrast, a study in Michigan found no impact of roads on bobcat gene flow, but
significant genetic structure was observed between the bobcats of the Upper versus Lower
Peninsula of that state (Millions and Swanson 2007). Reding et al. (2013) used microsatellite

genotyping and mtDNA haplotyping in Oregon to identify significant genetic differentiations in
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bobcats located on opposite sides of the Cascade Mountain Range. These studies allude to
landscape features as important factors having an impact on bobcat gene flow at a regional level.

Other studies have found little genetic differentiation among populations. Reid (2006)
used six microsatellite loci to investigate the genetic differences between four bobcat populations
located in Georgia and Florida. Little genetic differentiation was observed between these four
populations, suggesting panmixia of bobcats in these areas. No evidence of population structure
was observed in southern Illinois (Croteau et al. 2010). These studies, along with those
previously mentioned, suggest that at the local scale, unless a significant barrier is present,
bobcat gene flow is frequent in an interconnected landscape.

Reding et al. (2013) completed one of the few bobcat studies to explicitly use landscape
genetics and radio telemetry in an attempt to quantify the impact of landscape on gene flow. The
authors fitted 23 bobcats with radio collars to collect movement and habitat association data.
These data were then combined with microsatellite genotypes from 625 individuals to calculate
the least-cost paths of movement in the area. Bobcats were found to be most associated with
forested habitats that were adjacent to grasslands. In conclusion, Reding et al. (2013) failed to
reject the isolation by distance hypothesis for explaining genetic variation on the landscape,
which means that even though severely fragmented, the lowa landscape was not impeding gene

flow in bobcats.

Mark-Recapture

Mark-recapture, also known as capture-recapture, is a specialized technique that can be
used in wildlife management to estimate the size or density of a population in a specified area.

Advancements in model construction followed by new computational technologies allowed for
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the rapid evolution of this technique during the 1960s, 1970s, and 1980s (Amstrup et al. 2010).
The models used for mark-recapture studies are traditionally broken into one of two categories:
closed-population models and open population models. Use of the appropriate model is
important to the study design since these models have certain assumptions that must be met
during sample collection. Closed-population models assume that a population is closed to outside
influence during the study period. This means that there are no deaths, no immigration, no
emigration, and no births while samples are being collected. While these assumptions can be
easily violated, a study of short duration can effectively meet these assumptions (Amstrup et al.,
2010). Open-population models allow for movement of individuals outside of the study area, as
well as allow for deaths, births, and immigration; however, these models require additional
covariates that can make analysis cumbersome.

Historically, mark-recapture has been utilized as a bobcat census technique in some states
using either photographic or DNA fingerprinting to identify individuals. Heilbrun et al. (2006)
used automated camera systems to document the 15 bobcats on a 3,156-ha refuge in Texas. Ruell
et al. (2009) used bobcat scats to calculate bobcat densities of 0.25 and 0.42 bobcats/km? for two
locations in the Santa Monica mountains of California. Larrucea et al. (2007) used automated
camera arrays in Northern California to determine bobcat densities ranging from 0.27 — 0.39
bobcats/km?. A recent study that used single capture modified cable hair snares in Michigan’s
Upper Peninsula, found that the study area of 278.5km? contained a bobcat density of roughly
0.03 bobcats/km? (Stricker et al. 2012). Most recently Clare et al. (2015) used nine camera grids
and a spatially explicit capture-recapture (SECR) study design to construct a model, which found
an overall bobcat abundance of 362 individuals in a 14,286km? study area in Wisconsin. This

study was the first application of SECR to bobcat research.
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Spatially explicit capture-recapture is a newly developing field that combines the
population estimation capabilities of mark-recapture studies while accounting for the spatial
variation of the landscape and trap placement that may impact the sampling process. Since the
historic capture-recapture models are non-spatial, it is thought that a significant amount of error
is introduced into the density estimation process by ignoring the spatial aspects of data collection
(Royle et al. 2013). SECR was developed to deal with these deficiencies in capture-recapture
sampling.

Some of the earlier SECR models were likelihood-based and accounted for the fact that
animals with home ranges located closer to the sampling sites are more likely to be sampled than
those that are further away (Borchers and Efford 2008). The SECR models also account for
individual heterogeneity in being sampled, as well as the landscape variables at each site that
may influence capture events (Royle et al. 2013).

More recent SECR models also model the least-cost path of animals from their home
range centers to the sampling sites, allowing for a SECR model to not only determine density,
but also landscape connectivity (Royle et al. 2013). A recent simulation study has shown that
SECR outperforms other methods of density estimations such as mean maximum distance moved
(MMDM) and an estimator using telemetry information, especially in situations where detection
probabilities are low (lvan et al. 2013), which is the case with elusive carnivores, like bobcats.

Since the publication of Clare et al. (2015), most studies seeking to quantify the density
of bobcats in a particular study area have used SECR models. A camera trapping mark-recapture
study using SECR found that bobcat capture probabilities were positively correlated with forest
cover located in a buffer around camera traps and that estimated density was lowest nearby to

heavily developed areas (Thornton and Pekins 2014), estimating an average density of 13.2
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bobcats per 100km? across the study sites. In the Appalachian Mountains of Virginia, on the
border of West Virginia, Morin et al. (2018) used multiple, single-sample scat transects and
multistrata SECR to estimate the local bobcat population density, finding estimates ranging from
5.93 bobcats / 100km? to 20.27 bobcats / 100km?, with summer density estimates lower than

those in winter.

Occupancy Modeling and the Occupancy—Density Relationship

Knowledge of the spatial distribution of a species is important for wildlife management.
However, this information can be difficult to collect, especially for elusive carnivores like
bobcats. When a site is surveyed for a particular species, it is possible that failure to collect data
is the outcome of two possible conditions: 1) the species is not located in the survey area or 2)
the survey method employed has an imperfect rate of detection (<1) and failed to detect the
species of interest that was in the survey area. Due to these two potential outcomes, a negative
result in a species distribution survey cannot be assumed to indicate the absence of that species in
a particular location, unless the detection method is perfect. None of the common methods used
to detect bobcats at field sites (e.g., camera trapping, hair snares, and scat transects) has a perfect
rate of detection.

To account for the issues associated with imperfect detection, MacKenzie et al. (2002)
introduced a modeling framework that uses a likelihood-based method to estimate the occupancy
of sampled and unsampled sites. The basic occupancy model has two parameters that are
estimated for each species that is sampled. The first is the probability of detection, which is

represented by p, and can range from 0 — 1. The simplest definition of p is the probability that,
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given the species of interest is located at a sampling site, it would be successfully sampled by the
employed method. Since most detection methods are imperfect, and animals move across the
landscape during a sampling period, p is assumed to be less than 1. The value of p is estimated
based on a maximum likelihood estimator calculated from the locations of detections combined
with site and sampling covariates, such as temperature, cover type, and time of day (MacKenzie
et al. 2002). The second parameter that is estimated is the probability of occupancy, which is
represented by y (psi). This value is the probability that a given sampling site is occupied by the
species of interest. y is also calculated using a maximum likelihood framework and can be
related to site covariates that can be used to elucidate the ecology of the species being sampled
(MacKenzie et al. 2002).

While the exact methods employed have changed over the years, the goal of occupancy
modeling remains the same—to use detection and non-detection data in combination with
habitat, time, and environmental covariates to predict species occupancy at the landscape scale.
Since occupancy modeling only requires detection-nondetection data, it is more cost effective
than traditional capture-recapture studies at examining species distributions (MacKenzie et al.
2002). Another advantage of occupancy modeling is that the extrapolation of the model across
areas that were not sampled provides crucial data about these areas without incurring the costs of
additional surveys. Additionally, occupancy modeling can be used to evaluate habitat selection
based on how various habitat covariates of sampling sites create disparate rates of occupancy.

Long et al. (2011) sampled bobcats along with fishers (Martes pennanti) and American
black bears (Ursus americanus) throughout the state of Vermont using non-invasive techniques.
Bobcats were only detected at 11.9% of the total sites, for a model-averaged mean predicted

occupancy of 32.6% when taking into account the probability of detection. However, many of
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these sites were only visited once, against the recommendations of Mackenzie and Royle (2005)
for situations when detection rates and occupancy are low. They identified two variables that had
an impact on bobcat occupancy. The first variable was the percentage of the landscape in mixed
forest located within 1km of the study site and the second was the percentage of the landscape in
forested wetlands also located within 1km of the study site. While these variables were found to
impact bobcat occupancy on the landscape, the size of their coefficients indicated that this
impact was minimal. In their conclusion, the authors argued that the lack of a clear best model
for this dataset is most likely the result of a less than ideal sampling design for elusive carnivores
like bobcats.

Another important bobcat occupancy modeling study was conducted in central Wisconsin
by Clare et al. (2015). This study also incorporated spatially-explicit capture recapture (SECR)
into the occupancy model in order to predict bobcat abundance at the landscape scale
(>14,000km) by using occupancy as a density index. Over the course of 13,595 camera trap
nights at a total of 316 camera sites, a total of 250 bobcat detections were recorded. Occupancy
was found to be positively correlated with the amount of woody cover on the landscape as well
as the amount of wetland edge near the camera site. Bobcat detection was found to be positively
correlated with dirt roads, nearby wetlands, and natural funneling features and negatively
associated with human activity.

Erb et al. (2012) constructed an occupancy model for bobcat distribution along the
Appalachian Trail corridor in North Carolina through Pennsylvania. Out of the 447 sampled
sites, 43 (9.8%) successfully detected bobcats. The final averaged model had four covariates that
were associated with bobcat occupancy: percentage of forest cover within 10km of the site, level

of nearby hunting, usage intensity of nearby trail, and distance to roads. Bobcat occupancy was
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found to be positively correlated with the percentage of forest land cover and the distance to the
nearest roads. In contrast, bobcat occupancy was determined to be negatively correlated with
intensive nearby hunting as well as heavy trail use by humans. Wang et al. (2015) investigated
the mesocarnivore responses to pumas and human development in the Santa Cruz Mountains of
California and found that as human development densities increased, bobcat detection and
occupancy probabilities dropped. Lewis et al. (2015) reached a similar conclusion after
constructing occupancy models for two sites in Colorado.

Lesmeister et al. (2015) used camera trap grids in southern Illinois to investigate the
carnivore guilds of that area. At the local level of the sites, the authors found that habitat
variables had very little explanatory power for bobcat occupancy and asserted that bobcat habitat
use at the fine scale was most likely random. However, at the landscape scale, bobcat occupancy
was again found to be negatively correlated with the intensity of human development, as well as
paved road density, and the presence of structures. The authors concluded that in their research
areas bobcats had a high overall predicted occupancy (0.5 — 1.0), while the average probability of
detection was low (0.20 per week), as was expected for this type of wide-ranging mesocarnivore.

The utility of presence-absence data is not limited to just determining the distribution of a
particular species. Royle and Nichols (2003) developed a model where the abundance of a
species could be estimated based on the location of detections and non-detections, after repeated
surveys at the same sites. The bases of this model are the relationship between abundance and
detection probability, and variation in detection as correlated to variance in abundance at
individual sites. The authors found little evidence of bias or error in their abundance estimates

when a large number of sites were used in the overall study.
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An application of this model to another low-density carnivore species, the fisher, found
that population estimates derived from an SECR model were very similar to those obtained by
fitting a Royle-Nichols model to the same dataset (Linden et al. 2017). The purpose of this
research was to study fisher occupancy and abundance throughout a study area similar to the size
of West Virginia (70,069km?). The authors asserted that when the size of spatial grain for each
sampling site was such that only one individual was assumed to be occupying each site, that a
clear relationship between occupancy and abundance could be modeled. This study operated
under a similar provision as had been used by Clare et al. (2015), where SECR was used to
identify the point pattern of individuals. This pattern was then applied to determine the
relationship between occupancy and density and used to project the estimated abundance across

a larger study area, the entirety of which was not sampled.

Bobcat Management in West Virginia

The current bobcat population model used for management in West Virginia was adapted
from Crowe (1975), which was originally constructed for exploited bobcat populations in
Wyoming. This model predicts the yearly change in population size per year based on the
survival rates of adults, the survival rates of the young, and the number of female young
produced per female. The adult and juvenile survival rates for West Virginia bobcats, as well as
the number of female young per female, were published by Fox and Fox (1982). However, this
model has no power for determining the change in the population size without baseline
population data, which to this point has been made available using one of two methods. The first
is density estimates for Virginia in areas with similar habitats to West Virginia (Progulske, 1952,

McCord and Cordoza, 1982). The second method is to use harvest data; however, harvest effort

20



can bias data due to extreme weather events or fur price fluctuations both of which influence
participation rate and effort (personal communication: Rich Rogers, WVDNR). Therefore, the
current population model is based on assumptions which may no longer apply to the current

population.

Study Objectives

At the state level, little data exist on bobcat gene flow and migration. At the level of local
spatial scale in the mid-Atlantic region, very little research has been completed on bobcats using
genetic methods to investigate population structure and dispersal. Due to the lack of knowledge
on population genetic structure of bobcats in West Virginia and surrounding states, research on
how genes flow in these animals was undertaken along with determining the size and density of
the bobcat population. Also, no detailed population studies have been completed to date in West
Virginia and the current population model used in making management decisions (Fox and Fox,
1982) is more than 30 years old—and needs to be reexamined for validation. The objectives and

hypotheses of this study are listed in their relevant chapters listed below.

Dissertation Chapter 2: Bobcat Hair Snare Cubby

While most recent non-invasive bobcat studies have made use of camera surveys, the
prohibitive cost of camera stations limits the overall size of area that can be sampled. One of the
primary of this study was to evaluate the distribution and relative abundance of bobcats
throughout the state of West Virginia. In order to make this possible, a new hair snare needed to

be designed that would meet the unique needs of the West Virginia landscape.
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Research Objectives:

1. Design a new and effective hair snare for bobcats that meets the following criteria:

a.

b.

e.

Able to be deployed regardless of terrain features;

Does not require a rubbing behavioral response to collect samples;

Easy to transport, deploy, and check;

Durable enough for long-term use (6+ months deployed continuously); and

Reliable in collecting hair samples from individual bobcats.

2. Evaluate the success of the new hair snare in terms of detections per 100 trap nights and

compare to previous studies.

3. Provide recommendations to researchers looking to deploy this new hair snare based on

knowledge gained from this study.

Dissertation Chapter 3: Landscape-Scale Occupancy Model of the Bobcats of West Virginia

Due to the relatively recent increase in bobcat populations from historical lows (Roberts

and Crimmins, 2010), it is likely that there are areas within West Virginia and bordering states

that currently do not have breeding bobcat populations. While habitat may be available, these

areas are capable of being colonized by juveniles and yearlings from population sources

(Kitchings and Story 1984, Croteau et al., 2010). Detection-nondetection data can be valuable in

determining the distribution of elusive carnivore species, as well as particular landscape

variables that determine bobcat location preference on a continuous landscape. While bobcats are

harvested in every county of West Virginia, there are locations with acceptable habitat that have

been historically devoid of sightings, sign, or harvest. Detection-nondetection data collected
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during the capture-recapture portion of this project will be used to evaluate the occupancy of

bobcats at the landscape scale in West Virginia.

Research Objectives:
1. Construct a statewide occupancy model for bobcats in West Virginia.
2. Determine which environmental, landscape, and sampling variables impact bobcat

detection probability or occupancy.

Dissertation Chapter 4: Abundance and Density Estimates of West Virginia Bobcats

Density estimates of bobcats in West Virginia have never been evaluated in a formal
study. To assist the WVDNR in ensuring continued, sustainable bobcat harvests, abundance and
density estimates for the bobcat population in West Virginia will be determined. This will be

achieved using a combination of spatially-explicit capture-recapture and occupancy modeling.

Research Objectives:

1. Use spatially-explicit capture-recapture (SECR) (Borchers and Efford 2008) and
occupancy modeling to estimate the abundance and density of bobcats across the
study area in West Virginia. This is to be completed for the whole state, as well as
each ecological region as described by Uhlig and Wilson (1952).

2. Compare abundance and density estimates between occupancy Royle-Nichols models
(Royle and Nichols 2003) and SECR (Borchers and Efford 2008).

3. Compare and contrast the estimated population abundances and densities to those

calculated using West Virginia’s current bobcat population model.
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4. Determine if a new population growth model would better represent West Virginia’s

bobcat population than what is currently used for management.

Dissertation Chapter 5: Population and Genetics of West Virginia Bobcats

The current population of bobcats in at least some of the six ecological regions of West
Virginia (Uhlig and Wilson 1952) are suspected to have some definable population structure.
While some studies have found panmixia in bobcats across small geographic scales (Reid 2006,
Croteau et al. 2010), two studies involving the use of a roadway barrier found discernable
population structure in California (Riley et al. 2006, Ruell et al. 2012, Serieys et al. 2015).
However, another study conducted in Michigan found that roads were not a factor in the
population structure of bobcats (Millions and Swanson 2007). While the majority of West
Virginia is forested, human impacts may reduce geneflow and result in population structure. In
addition, the population reduction of bobcats witnessed across the United States between the
1930s until the 1980s (Roberts and Crimmins 2010) is thought to have caused a genetic
bottleneck in the bobcats of West Virginia. Since the population was at a low level for a period
of roughly 20 years, genetic drift may have been a factor in the loss of alleles, which has the

most pronounced impact in small, isolated populations (Allendorf 1986).

Research Objectives:
1. Determine whether or not population structure is present in the bobcats of West
Virginia or if they are best characterized by panmixia.
2. Determine the effective population size (Ne) of the bobcats of West Virginia and, if

enough data are available, the Ne for each identified population.

24



3. Investigate whether or not barriers to gene flow are present on the landscape.

4. Determine whether bobcat populations in West Virginia were subjected to a recent
genetic bottleneck.

5. Inregard to maintaining gene flow, determine whether bobcats should be managed as

smaller, distinct populations within West Virginia.

Dissertation Chapter 6: Parvovirus Infection Prevalence and Distribution Analysis of Bobcats
of West Virginia

The extent to which Feline Panleukopenia Virus (FPV) or Canine Parvovirus (CPV) is
having an impact on the bobcat populations in West Virginia is unknown. While it is suspected
that domestic felids are a reservoir for these viruses on the landscape, this relationship has not
yet been investigated. Molecular techniques will be used to evaluate necropsied bobcats for the
presence of FPV or CPV infections and these data will be correlated to landscape variables to

determine if any spatial patterns of infection exist.

Research Objectives:

1. Use molecular methods to investigate bobcat spleen samples for the presence of
parvovirus DNA and determine overall statewide prevalence rate.

2. Sequence DNA from parvovirus positive samples to determine type of parvovirus
infecting each bobcat found to be positive.

3. Use GIS techniques to determine if prevalence of bobcats with parvovirus infections
is greater than would be expected by random chance in more urbanized counties of

West Virginia.
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4.

Investigate the presence of potential geographical patterns in different types of

parvoviruses found in West Virginia’s bobcats.
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Chapter 2 - The Bobcat Hair Snare Cubby: A Non-Invasive Tool for Bobcat

Population Monitoring

Abstract

Over the past 20 years, non-invasive hair snare surveys have become common tools used
in wildlife research and management. While these tools have been used to answer important
research questions on a number of species, these techniques often fail to gather information on
elusive carnivores, such as bobcats (Lynx rufus). Due to the mixed success of previous bobcat
studies using hair snares, this technique has largely fallen out of use for this species. The goal of
this study was to construct a novel bobcat hair snare that could be deployed regardless of terrain
or vegetation features which would be effective for use in capture-recapture population
estimation at a large spatial scale. This new hair snare was deployed at 1,500 total sites across
West Virginia between two sampling seasons (2015 — 2016). Collected hair samples were
analyzed with newly developed mitochondrial DNA primers and gPCR to determine species of
origin. Over the two years of the study a total of 378 bobcat detections were recorded from
42,000 trap nights of sampling, for an overall rate of 0.9 detections per 100 trap nights. This
study marks the development of a potentially important new technique for use in bobcat

management.

IACUC Approval #: 14-1108 (appendix Document 1)
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Introduction

The bobcat (Lynx rufus) is a moderately sized felid that is primarily carnivorous with a
lifecycle completely dependent on the availability and abundance of prey species, which impacts
bobcat habitat selection (Chamberlain et al. 1999, 2003). Being generalist predators they quickly
switch their diets to take advantage of periodic or season population increases of certain prey
species, thus mitigating the environmental impacts of such (Beasom and Moore 1977). The
bobcat has established populations in each of the contiguous United States except for Delaware,
making it one of the most widely distributed carnivores in North America (Roberts and
Crimmins 2010). In some states, bobcats are currently hunted and trapped for their valuable fur;
however, in others they are considered a protected species due to either unknown or low overall
abundance.

Since the 1980s bobcat abundance across the United States has increased dramatically.
Roberts and Crimmins (2010) discovered this trend when comparing the results of a
questionnaire survey they submitted to each of the state wildlife agencies of the contiguous 48
states, to a similar survey conducted by the U.S. Fish and Wildlife Service in 1981. More than
80% of respondents indicated that bobcat populations in their respective states were either
increasing or stable. However, only about 50% of state agencies reported an estimated
population size or density for their bobcat populations. Bobcats are not provided any protections
under federal law, but their harvests are governed by the Convention on International Trade in
Endangered Species of Wild Fauna and Flora (CITES) under Appendix Il, due similarity in
appearance of pelts to the endangered Iberian lynx (Lynx pardinus) (United States Fish and
Wildlife Service 1982). To maintain compliance with CITES, any state that allows hunting or

trapping of bobcats is required to demonstrate sustainability of these activities, which requires
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detailed population information. Since bobcats are an elusive carnivore species, the collection of
these data can be a difficult task.

Camera traps, scat transects, examination of harvest data, and hair snares are the non-
invasive methods most commonly used to collect bobcat population information. Camera traps
have been successfully used to document bobcat presence and estimate abundance, but only
when the unique spot patterns of individuals can be identified (Clare et al. 2015, Heilbrun et al.
2003, Heilbrun et al. 2006, Larrucea et al. 2007, Long et al. 2007, Symmank et al. 2008,
Thornton and Pekins 2015). Camera trap costs have declined significantly since the first study
conducted in 2003; however, using cameras to survey large areas still requires a sizable
investment of financial and personnel resources due to the need to use paired cameras for
individual identification. Scat transects, conducted using both human observers (Ruell et al.
2009, Morin et al. 2018) and detection dogs (Harrison 2006, Long et al. 2007), have also been
successfully applied to the estimation of bobcat abundance or occupancy. When directly
comparing these two methods, scat detection dogs were found to be the most effective at finding
bobcat samples, but they also had the greatest associated costs (Harrison 2006, Long et al. 2007),
which can greatly reduce the area that can be surveyed when resources are limited. In contrast,
hair snares have the lowest deployment costs, allowing for a much larger area to be surveyed for
the same total costs. For large-scale studies, hair snares have often been the only cost-effective
option available, in spite of low success.

The use of hair snares in wild felid research came into prominence after the development
of the carpet scratch pad by McDaniel et al. (2000), which was successful in collecting hair
samples from Canada lynx (Lynx canadensis). This device was effectively used to study other

species such as ocelot (Leopardus pardalis) (Weaver et al. 2005); however, little success was
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reported when using the same carpet scratch pads to specifically target bobcats. In New Mexico,
Harrison (2006) installed the carpet scratch pads, as described in McDaniel et al. (2000), and
achieved only one detection over 700 trap nights, even though bobcats were known to inhabit the
study sites. Long et al. (2007) deployed these same devices in known bobcat habitat in Vermont
for 2,072 trap nights and failed to achieve any detections. More recently, Comer et al. (2011)
collected hair from only one bobcat in 1,680 trap nights in eastern Texas, even though bobcats
were detected by cameras at 15 carpet scratch pad sites. The authors of these three studies
reached the same conclusion: hair snares are not successful at non-invasively sampling wild
bobcats. More recently, the efficacy of the original carpet scratch pads for Canada lynx research
has also come into question due to the variability between individuals in cheek rubbing behaviors
required for sampling (Crowley and Hodder 2017).

Due to the poor performance of the carpet scratch pads for bobcat research, a more recent
study has utilized a new approach to attempt to collect bobcat hair. In the upper peninsula of
Michigan, Stricker et al. (2012) deployed a modified cable snare (DePue and Ben-David 2007)
that was designed as a single-sample device placed in areas surrounding sites baited with deer
carcasses. This device was constructed specifically as a passive device to collect hair samples
without the required cheek rubbing behavior of the carpet scratch pad. Over the course of an 8-
week study in a 278.5 km? study area, a total of 230 hair samples were collected, of which 17
originated from bobcats. This study documented the successful use of hair snares to sample wild
bobcats and estimate population size by using a novel method.

Our project was completed as a portion of a study seeking to estimate relative
abundances, and potentially, densities of bobcats across West Virginia (63,000km?). Hair snares

were selected as the only non-invasive method that would be economically feasible to sample
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such a large area. While the technique used by Stricker et al. (2012) was successful in collecting
hair samples from bobcats, the topographic complexity of West Virginia makes the use of this
method logistically prohibitive due to absence of travel corridors between patches of forest, as
compared to the Upper Peninsula of Michigan. The first goal of this study was to develop a new
and effective hair snare that is able to meet the following criteria: 1) able to be deployed
independent of terrain features; 2) does not require behavioral rubbing to collect samples; 3) easy
to transport, deploy, and check; 4) was durable enough for long-term use (6+ months deployed
continuously); and 5) reliably collects hair samples from individual bobcats. The second goal of
the study was to evaluate the success of the new hair snare in terms of detections per 100 trap
nights and compare to previous studies. Finally, the third goal was to provide recommendations

for researchers wanting to deploy this hair snare based on the knowledge gained from this study.

Materials and Methods

Hair Snare Cubby Design

To meet the specific needs of sampling bobcats in the central Appalachian Mountains a
new hair snare was developed using what was described by Kendall et al. (2008) for sampling
fisher (Martes pennanti) populations as a starting point for modifications. Firstly, the overall
height and length of the device, as described by Kendall et al. (2008), was increased to
accommodate the larger stature of bobcats. A second modification was that mesh was not added
during construction to block one of the entranceways so that bobcats could walk entirely through
the device (Figure 2). Thirdly, gun brushes used for sampling, located in the entranceways, were
staggered to allow the collection of samples from bobcats that either entered the device entirely,

or placed only their heads in the device. For the remainder of the manuscript this device will be
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referred to as hair snare cubby, or more simply as cubby. Specific considerations that contributed
to the final design of the device were the appeal of the cubby to bobcats, the ability to collect a
hair sample without behavioral rubbing, the ease of deploying the cubby, and the ability to set up
the cubby without requiring specific vegetation or terrain features. Many of the final design
considerations were made after extensive consultation with a professional bobcat trapper
(personal communication: Mercer Lawing, Camtrip Cages). Each cubby was equipped with four
0.30 caliber bronze gun brushes bent inwardly that were used to collect hair samples from

bobcats.

A B

Figure 2 (A & B) — (A) Bobcat hair snare cubby deployed in West Virginia. (B) Bobcat being sampled as it walks
through the hair snare cubby.

Each hair snare cubby was constructed from a 111.7cm x 81.3cm pad of blue corrugated
plastic pad of 9.5mm thickness (Figure 3). These plastic pads were then bent into a trapezoidal
shape on the corner of a lab bench such that the flat apex of the cubby would stand roughly 44cm

from the ground—high enough for the average bobcat to enter without crouching. Each cubby
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was affixed with four 5.1cm long #8-32 bolts which were placed, two at each entrance, 2.6cm
from the outside edge and either 14.0cm or 21.6cm from the nearest apex crease. The bolts were
staggered at each opening so that the equipped gun brushes would be at different heights to
collect samples from animals even if varying entering postures were used. These bolts were then
secured tightly using two sets of fender washers to provide support over as large of a surface area
as possible and nylon-centered locking nuts. Once attached, the bolts were bent inward toward
the center of the cubby and parallel to the ground so that the tip of the bolt was roughly 2.6cm
from the side wall of the cubby. Coupling nuts of #8-32 thread and length 1.6cm were then
threaded onto the bolts and served as the attachment point for the gun brushes used in sampling.
A 20.3cm x 20.3cm square piece of brown outdoor carpet was attached to the upper middle of
the inside surface of each cubby using roughly 10 staples of approximately 9.5mm in length.

Supplies required for the construction and equipping of one cubby were roughly $25 USD.
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Collapsed View (Underside) Side View (Deployed)

Edge Fold
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All bolt holes are 2.6cm
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Figure 3 — Bobcat hair snare cubby construction schematic. The black dots on the collapsed view diagram indicate where perforations were made to affix the #8-32 bolts to which

the gun brushes were affixed. The bolt placement was staggered such that each lateral side of the cubby had one entrance where the bolt placement was low and one that was high.

All bolts perforations were made at a distance of 2.6cm from the outside edge of the sampling device. Solid black lines indicate where creases were made by folding the corrugated
plastic against a solid object with a right angle, such as a laboratory benchtop. To create the lip needed for affixing the ground spikes, a second set of creased folds at the edge were
required, on the opposite side of the corrugated plastic sheet as those used for the central folds. When erecting the cubby, spikes were driven through the four outside corners of the
device at locations roughly 2.6cm from any outside edges.
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Figure 4 — Map of the sampled grid locations in West Virginia during the 2015 and 2016 field sampling seasons. Locations in blue were sampled only in 2015, orange sites were

only sampled in 2016, and pink sites were sampled both in 2015 and 2016. A single hair snare cubby was placed in each of the cells of the 5x5 grid during sampling. Sampling
took place at each location over the course of a four-week session. For both 2015 and 2016 a total of five sampling sessions were undertaken (Table 1). A total of six 5x5 grids

were sampled simultaneously during the same session, with a total of 30 grids (7,500km2) being sampled in 2015 another 30 in 2016.
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Field Methods

Hair snare cubbies were deployed across the state of West Virginia as part of a study to
assess the population model currently used to help manage West Virginia’s bobcat population.
During the 2015 and 2016 field seasons, 30 individual 250km? study areas were sampled, for a

total sampled area of 10,500km? across both years (Figure 4). Each of these locations were

composed of a 5x5 grid of 25 equally sized (10km?) cells to ensure even sampling efforts across

each study area. Within each cell, a single hair snare cubby was placed over a 4-week session,

for a total of 700 trap nights at a single site. Sampling took place simultaneously in six different

grids with a total of five sessions taking place during March — August of 2015 and March — July

of 2016 (Table 1). Cubby placement inside of each cell was opportunistic based on landowner

approvals as well as available habitat and terrain types. When available, cubbies were selectively

placed on or adjacent to game trails or dirt roads located within forested habitats with nearby

edge, as recommended by Clare et al. (2015), for maximizing bobcat detection. However, many

cubbies were deployed in suboptimal locations or habitats due to extraneous circumstances to

provide useful habitat selection data for occupancy modeling and spatially-explicit capture-

recapture (SECR).

Table 1 — Sampling dates for each session for both the 2015 and the 2016 sampling seasons.

Session Number

2015

2016

Session 1
Session 2
Session 3
Session 4

Session 5

3/23/15 - 4/20/15
4/21/15 - 5/19/15
5/20/15 - 6/17/15
6/18/15 - 7/16/15
7/17/15 - 8/14/15

3/2/16 - 3/30/16
3/31/16 — 4/28/16
4/29/16 — 5/20/16
5/31/16 - 6/28/16
6/29/16 — 7/27/16
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Once a site was selected for cubby deployment, a trowel was used to dig a 7.62cm deep
hole under what would become the center of the cubby. In this hole, 4g of Caven’s Minnesota
Brand Bobcat Chunk Bait (Minnesota Trapline Products, Pennock, MN) was added as a food
enticement for animals to enter the sampling device. Next, a handful of pillow stuffing was
placed in the same hole and arranged as a visual attractant to look like the nest of a rodent. The
cubby was then oriented over the mimic cache hole and one long side was secured to the ground
using two 30.5cm landscaping spikes driven directly through the edge flaps, roughly 2.5cm from
any outside edge. The cubby was then flipped and laid over the secured spikes such that the
carpet was exposed.

Along the top half of the carpet square when the cubby was erected, 0.5g of Light Skunk
paste calling lure (Cage Magic Lures, Barstow, CA) was smeared. Along the bottom half of the
carpet pad, 7mL of a scent lure was added in an “S” pattern to cover as much surface area as
possible. This lure was based on the recommendations of McDaniel et al. (2000) and was a
mixture of 3,800mL of Beaver Castoreum Tincture (Kaatz Bros. Lures, Savanna, IL), 250mL
glycerin, 250mL propylene glycol, and 250mL of Imitation Catnip Oil (Kaatz Bros. Lures,
Savanna, IL). The glycerin and propylene glycol were added to the lure to prevent freezing. To
each of the #8-32 bolts inside of the cubby, a 0.30 caliber gun brush was attached using a 1.6cm
length threaded joining nut. The cubby was then erected such that the distance between the
bottom of the two inside edges of each opening was 30.5cm, using a landscaping spike as a
guide. Finally, two additional 30.5cm landscaping spikes were driven through the unsecured side
to firmly attach the cubby to the ground. As an additional visual attractant, a compact disc was

hung from a nearby tree with long sight distance. The disc was tied to a roughly 61cm length of
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colored flagging tape and oriented roughly 91.5cm from the ground to ensure that wind would
disturb the object and appeal to felid curiosity.

Deployed cubbies were checked every 7 days with all four gun brushes being collected
and sealed in the same labeled manila envelope, regardless if hair was or was not visually
apparent. During the weekly checks, scent baits and lures were also replaced along with the gun
brushes. Following the second week of data collection, the cubbies were moved roughly 15m to
alleviate a potential trap avoidance response due to familiarity (Kendall et al. 2008). Any
unconsumed baits and visual attractants were removed from the old site and the previous cache
hole was filled in with earth. At the conclusion of each four-week sampling period, all cubbies
were removed from sampling locations and were reused to establish a sampling grid in a new

location.

Laboratory and Molecular Methods

Gun brushes collected in the field were examined under a dissecting microscope for the
presence of animal hair. If animal hair was observed, it was examined morphologically and the
putative species of the sample was assigned using hair identification keys and resources of
Hairdatabase.com (Knecht et al. 2015). Snared hairs were then individually removed from the
gun brushes using a cleaned forceps. Hairs collected from brushes at the same site and week
were combined and placed into a single 1.5mL microcentrifuge tube containing 100 — 125uL of
molecular grade distilled water. Both hair shafts and hair follicles were retained to ensure that as
much DNA as possible was available for genetic analyses. The hair samples were then stored at -

20°C until DNA extraction procedures.
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Used gun brushes were cleaned and reused throughout the project. The cleaning
procedures consisted of an initial water wash with manual agitation in a plastic bin to remove
any remaining coarse vegetative debris. The bin was filled and emptied of water a total of 5
times. Next, brushes were stacked on a grill grate and a laboratory burner was passed slowly
underneath to burn off any missed hair fragments. The brushes were then flipped and the same
process was repeated to the side previously unexposed to the flame. Once flame-treated, the
brushes were washed again in the previously described manner another 5 times. To remove any
remaining DNA that could contaminate new hair samples, entire gun brushes (except for the
screw threads since they were easily damaged) were submerged in 3% hydrogen peroxide for a
total of 10 minutes. The gun brushes were removed promptly to ensure that metal degradation
did not occur. Following an additional 3 washing cycles, a laboratory burner was used to
partially dry the brushes before they were stacked on aluminum foil to air dry. The cleaned
brushes were then packaged and reused in field procedures.

DNA extraction was completed using a Qiagen (Bethesda, MD) DNeasy 96 Blood &
Tissue kit with a modified protocol to accommodate the hair samples. To each tube containing
hair samples and water, 20uL of proteinase K (20mg/mL), 30uL of 1M DTT (dithiothreitol), and
250uL of buffer ATL were added. The samples were then incubated at 56°C on a slowly rotating
platform between 5 and 12 hours until the hairs were completely dissolved. The remainder of the
extraction procedures followed the manufacturer’s suggested protocol except that the final
elution step was comprised of two 100uL buffer AE elution steps. Following elution, the 96-well
extraction plates were dehydrated in a vacuum centrifuge at 60°C until roughly 75uL of buffer

AE remained in each well of the plate (roughly 6 hours) to further concentrate the DNA.
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The polymerase chain reaction (PCR) was used to determine which of the collected hair
samples originated from bobcats. Previous non-invasive felid studies identified species of origin
by amplifying 300—1,000nt fragments of mitochondrial DNA (mtDNA) using universal primers
followed by restriction enzyme digest or DNA sequencing (Foran et al. 1997, Mills et al. 2000,
Weaver et al. 2005). Non-invasively collected samples often yield low quantity and low-quality
DNA, and more recently, Stricker et al. (2012) targeted smaller DNA fragments since these are
more likely to remain intact even after being exposed to the environment. Even with the use of
smaller DNA amplicons, a high percentage of collected hair samples still fail in DNA
sequencing when using traditional methods. As a part of this study, new quantitative PCR
(gPCR) primers, specifically for bobcat research, were developed to reliably speciate samples of
both high and marginal quality. gPCR also can be used to determine species of origin from
mixed species samples, unlike the traditional methods that require DNA sequencing.

Two separate gPCR reactions using newly developed primer pairs were applied to
determine species of origin from hair samples collected in this study. The first primer pair
(FelidV-F: 5’-CCTATTTAACCTACCACACCCACAAG-3’ and FelidV-R:
5-GCCAGATGCTTTGTTTAAGCTACATC-3’) was designed specifically to amplify a 105nt
fragment of mtDNA from most wild felids native to or commonly found in North America
including the bobcat, Canada lynx, cougar (Puma concolor), domestic cat (Felis catus), ocelot,
and jaguarondi (Puma yagouaroundi). The second primer pair (LynX-F: 5’-
GCAAACATCAGCACCTCCGTT-3" and LynX-R: 5’CTAGTAGGGTGAAGACGTAGG
CTTG-3’) was developed to amplify a 109nt fragment of mtDNA from only two felid species
native to North America—the bobcat and Canada lynx. The two-step species identification

procedure began by using primer set FelidV to determine which hair samples were derived from
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a felid source. Next, primer set LynX was used on each sample testing positive for felid DNA to
determine which samples originated from bobcats. Since the study area is not located within the
known range of the Canada lynx, any sample which produced a PCR product for primer set
LynX was considered to have been collected from a bobcat.

Preliminary testing of the technique using known tissue and hair samples revealed that
both primer sets reliably amplified bobcat DNA extracts created from only two small (~5mm)
hairs without follicles. PCR reagents and reaction conditions for primer sets FelidV and LynX
were identical: SuL of (2x) Bio-Rad iQ SYBR Green Supermix (Hercules, CA), 1uL of
nuclease-free distilled water, 0.5uL each of the appropriate two primers (10uM concentration),
and 3pL of DNA template—a 10uL total reaction size. Thermal cycling and PCR product
quantification took place on a Bio-Rad CFX96 Touch Real-Time PCR Detection System under
the following conditions: 95°C for 3 minutes followed by 40 cycles of 95°C for 10 seconds and
60°C for 30 seconds with a quantification image taken at the conclusion of each step. Samples
were considered positive for primer set FelidV if the CQ value of the sample was > 33.5 and
samples were considered positive for primer set LynX if the CQ value of the sample was > 32.5.
These cutoff values were determined based on the CQ values produced by a positive control
sample of two bobcat hairs, which was considered to be the lower threshold limit to the
sensitivity of this analysis. On each plate of hair samples analyzed, at least three replicates of two
bobcat hair positive controls were run to ensure the consistent accuracy of these cutoff
thresholds. Due to budgetary constraints, only samples suspected by microscopy to be of felid
origin (Hairdatabase.com 2015), those containing five or more hairs, or samples of less than five

hairs with entire follicles were extracted and used for further analyses.
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Results

Of the total 2,014 hair samples collected in the 2015 sampling season, 1,641 yielded a
sample suitable for genetic analysis (i.e., containing at least five or more hairs or a single hair
with a follicle). In 2016, a total of 2,108 hair samples were collected, of which 1,301 were
suitable for genetic analysis. Of the 6,000 individual site-week samplings that took place, 49%
(2,942/6,000) yielded a hair sample that was used in gPCR. gPCR using primer set FelidV
revealed that in 2015, 21.7% (438/2,014) of the collected hair samples were derived from a felid
source, as compared to the 16.0% (337/2,108) of 2016. Subsequent analysis of these felid-
positive samples with primer set LynX determined that 278 (63.5%) and 100 (29.7%) of these
samples originated from bobcats, for the 2015 and 2016 sampling seasons, respectively. The
remaining felid-positive samples that did not have a CQ > 32.5 for primer set LynX were
assumed to have been collected from domestic cats. However, the actual number of positive
individuals for LynX and felidV is possibly higher than recorded since no universal mtDNA
control was used for each DNA extract to validate a positive gPCR reaction during testing
procedures.

Since each site was analyzed for a total of 700 trap nights, and a total of 60 sites were
examined, the performance of the bobcat hair snare cubby was evaluated for 21,000 trap nights
each for both the 2015 and 2016 seasons. The 2015 season produced 278 confirmed bobcat
detections, for a rate of 1.32 per 100 trap nights. The 2016 sampling season produced 100
confirmed bobcat detections, for a rate of 0.47 per 100 trap nights. When considering both
sampling seasons together, a total of 378 bobcat detections were recorded for 42,000 trap nights,

a rate of 0.9 detections per 100 trap nights (Table 2).
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Table 2 — Comparison of the detection rate performance of the bobcat hair snare cubby with other hair snares
specifically designed to sample bobcats.

Hair Snare Type Total ngcat T_rap Bobcat Detec_tions /100
Detections Nights Trap Nights
2015 Season 278 21,000 1.32
2016 Season 100 21,000 0.47
2015-2016 Combined 378 42,000 0.9
Cable Snares1 17 9,016 0.189
Scratch Pads2 0 2,072 0.000
Scratch Pads3 1 700 0.143
Scratch Pads4 1 1,680 0.060

IStricker et al. (2012) 2Long et al. (2007) *Harrison (2006) “Comer et al. (2011)

While a total of 26.3% (775/2,942) of all samples were collected from felid sources,
additional DNA tests to determine species of origin were not conducted on the remaining non-
felid samples to reduce overall project costs. However, putative species of origin was assigned to
these samples during hair removal procedures from the gun brushes. Anecdotally, the most
common bycatch species were identified as follows, in order of descending occurrence: Virginia
opossum (Didelphis virginiana), raccoon (Procyon lotor), black bear (Ursus americanus), and
fisher (Martes pennanti). Despite the presence of coyotes (Canis latrans) at study sites, as
recorded by camera traps, only a small number of samples were collected from this species.
Anecdotal video evidence from these same camera traps revealed that when coyotes encountered
a hair snare cubby, they frequently adopted a head-lowered posture of cautious curiosity, circled

the device slowly, and then ran away.
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Discussion

The bobcat hair snare cubby is a newly developed tool that can be utilized by wildlife
managers to collect hair samples from wild bobcats. When compared to other recent bobcat hair
snare studies (Table 2), the bobcat hair snare cubby has between 2 — 6 times the detection rate
per unit effort. However, bobcat density will impact detection per unit effort so these
comparative results may not be correct in all situations. An example of this is the 2016 dataset
from this study, where we sampled a number of locations thought to be poor bobcat habitat.
These sites produced minimal numbers of bobcat detections and reduced the apparent
effectiveness of the hair snare cubby, especially for the 2016 season. In contrast, the data
collected from the 2015 field season was mainly from locations thought to be high quality bobcat
habitat, which is reflected in the much higher number of detections per 100 trap nights.

While this device does require certain behaviors for an animal to be sampled, the
curiosity to either completely enter the cubby, or at least investigate enough to come into contact
with the gun brushes at the entryway, appears to be a fairly common behavior in bobcats, as
compared to carpet scratch pads. However, advantages of using the bobcat hair snare cubby are
not limited to increased detection rates when compared to other methods. Since hair samples are
collected on gun brushes inside of the cubby, samples are not exposed to DNA-damaging
moisture or UV light (Kendall et al. 2008) before sample retrieval, unlike the cable snares in
Stricker et al. (2012), or the hair scratch pads first developed by McDaniel et al. (2000). The
bobcat hair snare cubby is not a single-capture device, which is advantageous when collecting
non-invasive samples from elusive carnivores. Single-capture devices only allow for the
collection of genetic material from one individual before being inaccessible to the next, even if

the initial capture is an undesired bycatch species. While samples consisting of DNA from
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multiple individuals of the same species can cause genotyping errors (Pauli et al. 2008), single-
capture devices run the risk of being triggered by more common species and then being
unavailable to rarer ones, like bobcats. Since cubbies were deployed with four gun brushes at
different heights at each of the two entrances, individual behavioral heterogeneity when
interacting with the cubby was thought to reduce the possibility of sample cross-contamination.

The use of quantitative PCR is a highly sensitive approach to rapidly determine which
collected hair samples originated from bobcats. The technique was found to be sensitive enough
in this study to determine species of origin from samples as small as two small hairs without
follicles. Following species identification, samples found to have originated from bobcats could
then be genotyped for use in capture-recapture studies. Also, with a q°PCR imaging device that
can read more than one detector dye at a time, specific probes could be developed to identify
multiple species of interest simultaneously in a single gPCR.

While the hair snare cubby was successful in collecting samples from wild bobcats, video
observations made using camera-traps during field trials have resulted in suggestions that may
improve capture success. Most bobcats were found to rub their cheek scent glands on the outside
corner of the entryway of the cubby, regardless of whether they decided to enter the device.
Affixing a hair snaring device to the entryways would result in greater capture success or greater
DNA quantity than just using the four gun brushes already inside of the cubby. Also, as part of
this project, many black bear bycatch samples were collected. When interacting with the cubbies,
black bears often pulled the device from the ground or flattened it, rendering the cubby unable to
collect bobcat samples until reset or replaced. It is recommended that use of cubbies in areas of

high black bear density be scheduled for times of year when black bears are less active.
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Management Implications

The bobcat hair snare cubby is an effective device that can be deployed throughout the
United States for use in non-invasive monitoring of bobcat populations or estimating abundance.
Cubby deployment or checking can be completed in less than 10 minutes per site, regardless of
the presence of trees or nearby terrain features. The newly described primers for use in gPCR
provide a highly sensitive method to determine whether collected hair samples originated from

bobcats.
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Chapter 3 - Modeling Bobcat Occupancy in West Virginia at the Landscape

Scale

Abstract

Occupancy models constructed using presence-absence data can be useful in determining
the distribution of a species as well as the environmental and habitat variables that impact site
selection at the landscape scale. Bobcats (Lynx rufus) are medium sized felids that are native to
North America and are of conservation concern to wildlife management agencies due to their
inclusion under CITES Appendix Il. Since the bobcat is a wide-ranging and elusive species it can
be difficult to collect distribution information, especially at the landscape spatial scale. This
study used a newly developed bobcat hair snare cubby to collect hair samples from wild bobcats
over the course of two field seasons. In 2015 and 2016 a total of 278 and 100 bobcat detections
were recorded, respectively. Two occupancy models were constructed from this dataset, one
from the 2015 data alone, and a second from the 2015-16 dataset combined. Average predicted
probability of detection (p) was 0.133 = 0.027 and 0.098 £ 0.014, for the 2015 and the 2015-16
datasets, respectively. The average predicted occupancy probability () was 0.858 + 0.057 and
0.834 = 0.055, for the 2015 and 2015-16 datasets, respectively. Bobcats were nearly ubiquitously
distributed throughout West Virginia, and of the tested hypotheses, human influences on the
landscape had the greatest negative impact on both the p and y of bobcats. However, bobcats
were also found to be positively correlated with minor levels of disturbance and human activity,
suggesting that bobcats may selectively occupy habitats with some disturbance due to the
benefits of additional prey density and diversity afforded by small-scale environmental

manipulations.
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Introduction

Knowledge of the distribution of a species on the landscape is crucial to making informed
management decisions. However, the collection of this information from rare or elusive
carnivore species, like bobcats (Lynx rufus), can be a difficult undertaking. Even when sampling
conditions are ideal, a survey can still fail to detect bobcats that are present in a particular area.
Due to this lack of perfect detection, the data from sites that have bobcats that fail to be detected
and sites that do not have bobcats can become confounded. To account for these issues with
imperfect detection, a modeling framework was originally introduced by MacKenzie et al.
(2002), and was coined as an “occupancy model.” The original occupancy model used a
likelihood-based method to estimate species occupancy in sampled and unsampled locations by
correlating the detection probability (p) and occupancy probability () with covariate descriptors,
such as habitat type. While occupancy models have evolved, the occupancy model principles
remain unchanged.

The most important steps in creating occupancy models useful to wildlife management lie
in the strategies used to collect the presence and absence dataset for the model. Mackenzie and
Royle (2005) published a guide on the proper techniques to use when collecting data to be used
in occupancy modeling. According to these authors, site selection and sampling strategy are the
two most important factors to consider. If only locations with perceived excellent habitat and
high densities of the desired species are selected to be sampled, very little useful data will be
collected regarding particular habitat covariates that may influence occupancy at specific sites.

The sampling strategy is highly dependent on the focal species of the research. For those
species that have a high probability of being detected when a site is surveyed, the number of

optimal surveys at the same site needed to gather accurate data is much less than for those
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species that have a low probability of detection. For species that have a high level of probability
of occupancy (), only a few surveys are adequate, whereas those with a low level of  require
additional surveys. For rare and elusive carnivores that have a wide distribution but low density,
like bobcats, Mackenzie and Royle (2005) recommended sampling more sites less intensively,
rather than repeated surveys at the same locations. However, a minimum of 3 surveys at the same
location was recommended to reduce the error associated with any single sampling event.

Since their introduction, occupancy models have been constructed for bobcats in a variety
of locations and ecotypes. In Vermont, bobcat occupancy was best predicted by the percentage of
mixed forest and forested wetlands located within 1km of the site locations (Long et al. 2011). In
Wisconsin, a camera trapping study found occupancy was most closely associated with
percentage of woody cover and wetland edge near the camera site and that detection was
positively correlated with nearby dirt road travel corridors (Clare et al. 2015). A camera-trapping
study of the Appalachian Trail corridor found that bobcat occupancy was positively correlated
with percentage of forest and distance to nearest road and negatively correlated with human
activity (Erb et al. 2012). Wang et al. (2015) found bobcat occupancy and detection to be
negatively associated with human landscape impact and activity at camera sites in California,
and the same conclusion was reached by Lewis et al. (2015) in Colorado and Lesmeister et al.
(2015) in southern Illinois. In an urban landscape of east Texas, Lombardi et al. (2017) reported
that bobcat occupancy was best predicted by the percentage of forested habitat and the distance
to the nearest building.

The majority of previous bobcat occupancy modeling studies, as described above, have
determined that bobcat occupancy and detection probability ( and p) are most strongly

influenced by the amount of forest cover and human impact on a landscape. While the amount of
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human impact on the landscape is also predicted to be of importance to y and p in West Virginia,
forest cover is not expected to be as much of an important predictor. Unlike many of the
previously discussed study locations, West Virginia is one of the most densely forested locations
in the United States, with roughly 78% of the state’s total area being comprised of mostly mature
forests (Randall et al. 2016). Previous bobcat resource use research has documented that bobcats
appear to select home ranges on the local scale based on abundance of prey, and not any
particular habitat type (McCord 1974, Litvaitis et al. 1986, Chamberlain et al. 1999, 2003,
Lesmeister et al. 2015). Within larger core forested tracts, bobcats are known to select early
successional subsets as their primary locations of activity, presumably due to the greater prey
density in these areas, as opposed to mature forests (Litvaitis et al. 1986, Chamberlain et al.
2003). Since bobcats selectively choose their home ranges based on prey availability, habitat
complexity (not percentage of mature forests) is predicted to be the dominant determinant of
bobcat y in West Virginia, with human impacts being an important predictor for both p and .
Since the bobcat population of West Virginia has only relatively recently recovered from
historical lows of the 1960s and 1970s (Roberts and Crimmins, 2010), it is likely that there are
areas within West Virginia and the bordering states that currently do not have breeding bobcat
populations. While habitat may be available, these areas are probably still being colonized by
juveniles and yearlings from stable population sources (Kitchings and Story, 1984, Croteau et al.,
2010). Detection-nondetection data can be valuable in determining the distribution of elusive
carnivore species, as well as particular landscape variables influence bobcat occupancy in
specific locations on a continuous landscape. Bobcats are assumed to range across the entirety of
West Virginia, but the exact extent is unknown. Detection-nondetection data will be used to

evaluate occupancy of bobcats at the landscape scale in West Virginia. The objectives of this
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research are to 1) construct a statewide occupancy model for the bobcats in West Virginia and 2)
determine which environmental, landscape, and sampling variables impact bobcat detection

probability or occupancy.

Materials and Methods

Field Methods

The dataset used for this study was collected as part of a WVDNR project to validate the
population model currently used for management decisions. To collect presence and absence
information from wild bobcat individuals throughout West Virginia, non-invasive hair snares
were deployed statewide. The particular hair snare used, the hair snare cubby (see Chapter 2),
was developed specifically for the WVDNR Bobcat Project (see Chapter 2). The hair snare
cubby is constructed of thin, blue corrugated plastic and is erected like a tent such that an adult
bobcat is able to move directly through the device. The hair snare cubby uses four 0.30-caliber
gun brushes, with two fixed to each entranceway, to collect hair from animals that enter from
either side. A carpet pad affixed to the inside of the device was coated with two scent lures: a
mixture of beaver castoreum and artificial catnip oil and a Light Skunk paste calling lure (Cage
Magic Lures, Barstow, CA). In addition to the scent lures, a food bait of Caven’s Minnesota
Brand Bobcat Chunk Bait (Minnesota Trapline Products, Pennock, MN) was placed in a mock
cache hole dug directly under the center of the hair snare cubby.

To determine the locations to be sampled statewide, West Virginia (~63,000km?) was
first divided into a latticework of cells 10km? in size. This cell size was selected according to
recommendations of White (1982) for capture-recapture surveys, that at least two sampling

devices should be placed into the smallest possible home range for the species of interest. While
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no direct home range data were available in West Virginia, average home range size of a female
bobcat was estimated to be roughly 20km? in similar habitat in nearby Virginia (Progulske 1952,
McCord and Cordoza 1982). From this latticework, a total of 30 individual 250km? clumped
sampling sites were selected for intensive study, for both the 2015 and 2016 field seasons, for a
total of 60 sites. Each 250km? study site was comprised of a 5x5 grid of 25 total 10km? cells, to
ensure even sampling at each selected site. Clumped sampling locations were selected based on a
number of criteria, the most important being an attempt to evenly spread out sampled locations
and minimize the distance between them to maximize the accuracy of the final extrapolation.
Other important criteria considered were ensuring that a diversity of habitat types and locations
with both high and low suspected bobcat densities were sampled.

Within each 10km? cell selected for study, a single hair snare cubby was placed
opportunistically based on available habitat types and landowner permissions if not placed on
public land. When available, cubbies were selectively placed on or adjacent to game trails or dirt
roads in forested habitats, as recommended by Clare et al. (2015) for increasing p. Due to
extraneous circumstances such as issues in gaining landowner permissions, some cubbies were
deployed in what was thought to be less than ideal bobcat habitat. Cubbies were left on site for a
total of four 1-week periods, which will be referred to henceforth as a session. At the end of each
week the four gun brushes from a single cubby were collected and placed in a manila envelope,
whether or not a hair sample was visually apparent. Baits and scent lures were replenished along
with the gun brushes each week of sampling. Also, between the second and the third weeks of
the study the hair snare cubbies were moved ~15m in an attempt to alleviate a potential trap
avoidance response (Kendall et al. 2008). Over the course of the 2015 and 2016 field seasons a

total of five sampling sessions, of four weeks each were completed. These took place between
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March — August in 2015 and March — July in 2016, with six different 25-cell grids being
deployed statewide at any given time (Table 1). The 2016 sampling season was shifted earlier in
the year to minimize potential bear damage to cubbies during sampling. At the conclusion of a

session, each cubby was removed and placed in a new sampling location.

Laboratory and Molecular Methods

The gun brushes collected and sealed in the field were examined for the presence of hair
under a dissection microscope. Entire hairs were removed from each of the four gun brushes
from a single cubby and placed into a 1.5mL microcentrifuge tube containing 100 — 125uL of
molecular grade distilled water. Hair samples were stored at -20°C until DNA extraction was
completed with a Qiagen (Bethesda, MD) DNeasy 96 Blood & Tissue kit with a modified
protocol. Into each tube containing hair samples and water, 20uL of proteinase K (20mg/mL),
30uL of 1M DTT (dithiothreitol), and 250uL of buffer ATL were added. Samples were then
incubated at 56°C for 5 — 10 hours until the entire hairs were completely dissolved. The
remaining extraction procedures followed the manufacturer’s suggested protocol except that the
final elution step was comprised of two 100uL buffer AE elution steps. The second elution was
used to ensure that as much DNA as possible was collected from the filter. Once eluted, sample
plates were dried on a vacuum centrifuge at 60°C until about 75uL of buffer AE remained in
each well of the plate (roughly 6 hours) to further concentrate the DNA. Due to budgetary
constraints, only samples suspected by microscopy to be of felid origin (Hairdatabase.com
2015), those containing five or more hairs, or samples of less than five hairs with entire follicles

were extracted and used for further analyses.
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Species identification of collected hair samples was completed using the polymerase
chain reaction (PCR). Two new primer pairs were specifically developed for this study to allow
for reliable gPCR species identification from degraded or fragmented hair samples that might
otherwise fail to be Sanger sequenced, yet still have enough DNA for gPCR speciation (see
Chapter 2). The first primer pair, FelidV was used to determine which samples were of felid
origin, and the second primer pair LynX, only amplifies the mitochondrial DNA (mtDNA) of the
bobcat and Canada lynx (Lynx canadensis). To identify species, a two-step PCR procedure was
used: an initial qPCR with FelidV identified which samples were of felid origin and then a
separate gPCR with primer set LynX was used to determine which felid samples originated from
a bobcat. Positive and negative controls were run with each qPCR reaction, and were used to
establish a CQ cutoff for a positive result. After multiple runs, it was determined that a control
sample of two bobcat hairs (the minimum considered to be needed to produce a usable sample),
which became the positive cutoff, would reliably have a CQ of roughly 33.5 for the FelidV
primer set and a CQ of roughly 32.5 for the LynX primer set. As such, samples producing a CQ
value greater than these critical thresholds were considered positive for that particular reaction.
Samples producing a positive result for the V primer set, but a negative result for X were
assumed to have originated from domestic cats (Felis catus), since this is the only other felid
species known to inhabit the sampling areas. Canada lynx are not known to inhabit West
Virginia, so a positive result for gPCR using primer set LynX was recorded as a bobcat

detection.

Occupancy Modeling
Landscape and sampling covariate data were collected to explain hypotheses generated

that best explain the detection probabilities (p) and occupancy () of bobcats across West
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Virginia. These hypotheses are explained in detail in the following section. The habitat
covariates used in this study for the occupancy modeling procedures originated from a number of
sources (Table 3). The road dataset used in this study was derived from the 2015 TIGER line
roads dataset, as available from the United States Census Bureau (2017). The primary (S1100),
secondary (S1200), and minor (S1300) road categories were left unmodified and were used in
this study for each of these respective classes. A new road category, DST_TRL, or the distance
to trail was created by combining the roads classified as 4x4 trail (S1500), walkway / pedestrian
(S1710), private roadway (driveways, logging roads, gas well roads) (S1740), and bike path or
trail (S1820) into a single dataset. The distance to each of these types of roads was calculated
using the Distance to Feature Tool of ArcGIS v.10.4 (ESRI, Redlands, CA). The overall road
density for West Virginia (km/km?) (ROAD_DEN) was calculated using a combined dataset of
the above road types and the Line Density tool from the ArcGIS v.10.4 Spatial Analyst package.
A pixel-meter raster cell size was used (30 x 30) and from each of these pixels the road density
within 2,500m was calculated. The road density value used for the analysis was taken from the
pixel that intersected the hair snare cubby’s physical location.

The West Virginia Land-Use Land Cover dataset (LULC) (Maxwell et al. 2012), which is
a 9m? raster of major landcover classes, was used to create a new raster of all open water (lakes,
streams, and certain areas of wetlands) for use in calculating the distance from each hair snare
cubby location to the nearest source of water (DST_WA) with first the Raster to Points tool, and
then the Distance to Points Tool of ArcGIS v.10.4. The elevation data of each cubby location
(ELEV) was collected using the Raster to Points Tool of ArcGIS v.10.4 and the 2016 elevation

DEMs constructed by the United States Geological Survey (USGS) for West Virginia.
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The landscape percentage covariates, Simpson’s Diversity Index (SIDI), deciduous forest
largest patch index (LPI_DFOR), and edge density (ED) were all calculated using FRAGSTATS
v4 (McGarigal et al. 2012). The source data for these analyses was the 2011 National Land
Cover Dataset produced by USGS (Homer et al. 2015). To simplify the number of covariates
included in the analysis, a number of categories of the NLCD were combined. Firstly, categories
21 (development open) and 22 (development low intensity) were combined to create the
LOWDEV class. Next, categories 23 (development medium) and 24 (development high) were
combined to create the HIDEV class. Categories 81 (pasture / hay) and 82 (cultivated crops)
were combined into the AG class, and categories 90 (woody wetlands) and 95 (emergent
herbaceous wetlands) were combined to the new WETL class. However, due to the low overall
percentages of wetland landcover in West Virginia, this covariate was not considered in further
analysis.

The FRAGSTATS analysis was completed at a fixed radius of either 1km or 2.5km
around each cubby hair snare site. These buffer sizes were selected since they were roughly
either 20% or 100% of the suspected home range size of an adult female bobcat in West
Virginia, as was used by Lesmeister et al. (2015) in southern Illinois. The average home range
size of bobcats in West Virginia is estimated to be roughly 20km?, based on the work of
Progulske (1952) in similar habitats of Virginia. A 1km buffer radius produces a total sampled
area of roughly 3km? and a 2.5km buffer produces a total sampled area of nearly 20km?. A 20%
and 100% buffer percentage were calculated for each of the habitat type variable used in the
analysis. However, Pearson’s correlation analyses discovered that each of the pairs of buffer
sizes were highly correlated (R > 0.6), so only the 2.5km buffer sizes were used in this study,

except for the percentage of deciduous forest. However, both the 1km and 2.5km values were not
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used in the same model. Since the goal of this chapter is to create a statewide occupancy model
a larger buffer size (2.5km) is more appropriate to discover the macro-scale relationship of
bobcats to the landscape rather than fine-scale habitat selection.

Additional covariate information was provided by the WVDNR in the form of
ecoregional mast data collected using the methods of Uhlig and Wilson (1952) for 2010 — 2016
These mast values were used as a proxy for estimated differences in prey abundance across the

ecological regions of West Virginia.

A final correlation analysis of all covariates collected for use in the study was completed

to remove any potential sources of multicollinearity. For any covariate pairs found to be
significantly correlated (R > 0.6), one of the covariates explaining the same phenomena was
removed from the study. PER_LOWDEYV was removed from the study in this manner since it
was found to be highly correlated with ROAD _DEN, but ROAD_DEN was retained because it

was thought to hold more important information for modeling.
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Table 3 — Covariates used to model probability of detection (p) and occupancy probability (y) in bobcats of West

Virginia. The predictor type is the parameter estimates for which that covariate was used. The expected result is the
direction of the correlative relationship between each covariate and bobcat p, v, or both. Hypotheses associated with
conclusions reached from other studies are marked with a superscript.

. - Predictor Expected
Covariate Description
Type Result

BearDAM A categorical variable for whether or not hair snare cubby at a site was damaged (1) or not (0) by _

an encounter with an American black bear (Ursus americanus) during an entire session. p
DST_MR Linear distance (m) to nearest minor paved road. p, v +12
DST PR Linear distance (m) to nearest interstate highway. These roads are travelled by large volumes of 412

- traffic in certain areas but also pass through otherwise remote locations. P,

DST_SR Linear distance (m) to nearest secondary road, such as state routes. p, v +1.2
DST_TRL Linear distance (m) to nearest foot path, off-road vehicle trail, or dirt road. p 1

Linear distance (m) to nearest urban cluster, or locations with populations >2,500, as defined by 2
bsT_UC the U.S. Census Bureau for 2015. P,y +
DST_WA Linear distance (m) to nearest source of open water, whether streams, lakes, or wetlands. v 1
ED Measurement of edge density calculated within a 2,500m radius from hair snare cubby location. 7 +
ELEV Elevation (m) of hair snare cubby location. v +
LPI DFOR :_arggst patch index of deciduous forest located within a radius of 2,500m of hair snare cubby W +

- ocation.

Calculated mast index using the method of Uhlig and Wilson (1952) by West Virginia Division of
MAST Natural Resources for each of the state’s six ecological regions between 2010—2016. Locations p, v +

with higher mast indices are thought to be correlated to greater prey density.

Percentage of landscape that is covered with any type of forest within a radius of 2,500m of the 1,2,3
PER_AF cubby hair snare location. 14 +
PER_AG Buffer (2,500m) calculated percentage of land cleared for and being used to grow crops. 7 -

Percentage of the landscape that is deciduous forest within a radius of 1,000m from hair snare
PER_DFOR cubby location. This covariate was found to be highly correlated (R > 0.6) with +

1000 PER_DFOR_2500. However, it was included in further analyses, but only those that did not p
- contain both variables simultaneously.
PER_DFOR Percentage of the landscape that is deciduous forest within a radius of 2,500m from hair snare +
2500 cubby location. 14

PER_EFOR Percentage of evergreen forest within a radius of 2,500m of hair snare cubby location. 7 0°

Buffer calculated percentage of land (2,500m radius from hair snare cubby location) that is either _
PER_GRASS a natural grassland or a pasture for livestock. Y

Buffer calculated percentage of high intensity human development. This class is reserved 2,4,6
PER_HIDEV specifically for urban centers or areas of intense human usage. 14

Buffer calculated percentage of low intensity human development. Common examples are minor 2,4,6
PER_LOWDEV paved roads and single-family dwellings. 14 -
PER_MFOR Percentage of mixed forest within a radius of 2,500m of hair snare cubby location. W 05
REDO Categorical variable of whether or not a particular cell was run in 2015 and rerun in 2016. The

2016 cells run in the same location as 2015 were coded with a 1 and all others 0.

Road density (km/km?) of roads as calculated around pixel-meter (30 x 30) raster cell at a radius 2,6
ROAD_DEN of 2,500m from the U.S. Census Bureau 2015 TIGER roads dataset. P,y -

A categorical variable with 5 classes that correspond to the 4-week period, during which, each
SESSION location was sampled. More information on the session dates can be found in dissertation chapter p -

2. Session 1 was encoded as zero to be compared with 2, 3, 4, and 5.
SIDI Simpson’s Diversity Index, calculated for a 2,500m radius from hair snare cubby location. +

Locations with more habitat types will receive a higher SIDI value.
YEAR A categorical variable of whether a particular site was sampled in 2015 (0) or 2016 (1). p

IClare et al. (2015), 2Lesmeister et al. (2015), 3Erb et al. (2012), *Wang et al. (2015)

5 McCord (1974), Litvaitis et al. (1986), Chamberlain et al. (1999, 2003), Long et al. (2011), Lesmeister et al.

(2015), 8Lombardi et al. (2017).
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Before covariate data collection occurred, three main a priori hypotheses were
constructed to investigate which factors best explain bobcat y in West Virginia at the landscape
scale: (1) bobcat v is a response to human disturbance, (2) bobcat y is best explained as habitat
selection for certain habitat types most associated with forested or contiguous environments, or
(3) bobcat v is a function of habitat selection for locations with more abundant or diverse prey.
The covariates selected to model each hypothesis were thought to be the best descriptors out of
the potential pool of all covariates. Each of these hypotheses were investigated for the samples
collected in 2015, those from 2016, and a combined 2015-16 dataset to determine if the different
sampled locations influenced the final conclusions of the study.

To model human disturbance of the landscape, the following covariates were selected to
be run together: DST_UC, DST_SR, DST_PR, PER_HIDEV, ROAD_DEN, ELEV, and
PER_AF (Table 3). It was hypothesized that bobcats would show a negative response to roads
and development and a positive response to the percentage of forest in a buffer around the
sampling locations.

To model bobcat habitat selection based on certain habitat characteristics, the following
covariates were selected to be run together: PER_AF, PER_GRASS, DST_WA, PER_MFOR,
PER_EFOR, PER_DFOR_2500, and LPI_DFOR (Table 3). Bobcats were hypothesized to show
a positive response to the overall percentage of forest, but were not expected to select any
particular location based on habitat type.

To model the final hypothesis, that the most important factors to bobcat y were locations
which had a prevalence or diversity of prey, the following covariates were used: MAST, ED,
SIDI, DST_WA, and PER_GRASS (Table 3). It was hypothesized that areas with high edge or,

diversity, or early successional forests offer the greatest amount of prey to bobcats and were
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most important factors in bobcat y at the landscape scale. However, no early successional forest
landcover type dataset exists so these covariates were used to surrogates for these types of
habitats.

All modeling procedures were completed using the computer program R (R Core Team,
2013) package version of the program PRESENCE (Hines 2006), RPRESENCE (MacKenzie
and Hines 2014). To model bobcat y using these hypotheses, first, the factors impacting bobcat p
needed to be determined. The presence-absence data collected from the field were entered into
the program using the following coding: for a week when no bobcats were detected at a site a 0
was entered. If a bobcat was detected at a particular site during a particular week, a 1 was
entered. Thus, since each site was sampled for 4 weeks consecutively, a site at which a bobcat
was detected during the second and last sampling occasion would be coded as 0101. Any sites
for which samples could not be collected for a particular week were coded as a blank and were
estimated by RPRESENCE based on covariate data.

The following covariates were selected to be modeled since they were thought to have the
greatest impact on bobcat detection rates: SESSION, DST_TRL, DST_MR, DST_SR,
PER_DFOR_1000, DST_UC, DST_PR, BearDAM, YEAR, and REDO (Table 3). To determine
which of these variables were of greatest importance to bobcat p all linear combinations of these
covariates were run using the modCombos function of RPRESENCE, while holding y constant
as the dot model y(.). However, the SESSION variables were included in each model since they
were suspected to be of great importance due to the differential detection rates during each
session. A total of 1,024 models were run for 2015, 2016, and 2015-16 to determine which
variables were most important for p. Akaike’s Information Criterion (AIC) was used in model

selection procedures to identify the models with the most evidence that had a AAIC > 2
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(Burnham and Anderson 2002). The model for p with the best evidence ratio was then held
constant and used to run models for y because no well-supported method exists for model-
averaging the g values of p (Clare et al. 2015, Lesmeister et al. 2015).

The same information-theoretic approach used for p was employed to find the models
with the greatest evidence ratios for y. For both the human avoidance hypothesis and habitat
selection hypotheses, 128 unique models were run, and a total of 32 models were run for the prey
habitat selection hypothesis. Models with a AAIC > 2 were considered to have sufficient
evidence to be included in the final analyses completed for each of the datasets. To calculate the
final predicted values of  for each modeling situation, the modAvg function of RPRESENCE
was used to combine the data from each of the selected models and create one final output.

Final interpolated maps were created for each dataset by overlaying the entirety of West
Virginia with 10km? cells, just as were used for sampling sites in the field portion of this study.
New covariate data were collected from the centroid points of these cells using the same methods
previously described to be used in predictive modeling. Predicted values of y were then applied
to each cell in ArcGIS v.10.4 to create a predictive model. Finally, the Inverse Distance
Weighted tool (IDW) was used to create an interpolated raster with a 1km cell size of this

dataset.

Results

Of the 2,014 hair samples collected in 2015, 1,641 were tested via qPCR, and 278
(13.8%) were found to have originated from a bobcat. In 2016, a total of 2,108 hair samples were
collected, 1,301 were tested via gPCR, of which 100 (4.7%) were of bobcat origin. For both

2015 and 2016, a total of 21,000 trap nights of surveys were completed, since 30 grids of 25 cells
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were sampled four weeks each year. For 2015 an average bobcat detection rate of 1.3 bobcats per
100 trap nights was observed and for 2016 it was 0.47 bobcats per 100 trap nights. However,
sites of marginal bobcat habitat were selected and sampled to gather covariates for this dataset,
so the trap efficiency of the bobcat hair snare cubby in ideal bobcat habitat is probably much
higher. Over the course of the two-year study a total of 1,275 unique sites were examined for
bobcat presence or absence, 225 were visited twice, and a total of 378 bobcat detection events

were recorded, for an overall bobcat detection rate of 0.9 detections per 100 trap nights.

2015 Occupancy Model

From the 2015 candidate set of 1,024 bobcat models for p, only four had a AAIC <2 and
were selected for use in further analyses (Table 4). These four models were comprised of
combinations of the variables DST_SR, DST_MR, DST_UC, SESSION, DST_TRL, and
ROAD_DEN. Since no accepted method exists for averaging models of p (Clare et al. 2015,
Lesmeister et al. 2015), the detection model with the greatest evidence ratio used to construct the
2015 occupancy candidate models (p ~ DST_SR + DST_MR + DST_UC + SESSION, which is
referred to as p(BEST) was chosen. The estimates of p(BEST) ranged from 0.037 — 0.389 for
each 1-week sampling period, with an overall mean p of 0.133 + 0.027, and an average sampling
session p of 0.532. Of the S estimates produced for p(BEST), six had parameter estimates, when
combined with the standard error, that did not cross zero, and were determined to be significant
predictors for the model (Table 5). These covariates were DST_SR, DST_MR, DST_UC,
SESSION 1, SESSION 2, and SESSION 5. DST_SR (-0.191 £ 0.081), DST_UC (-0.165 +
0.080), SESSION 1 (-1.903 + 0.202), and SESSION 5 (-0.453 + 0.239) were negatively

correlated with p, while DST_MR (0.191 £ 0.073) and SESSION 2 (0.522 + 0.218) were
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positively correlated with p. These results suggest that at the local scale, bobcat detection drops
in proximity to nearby minor paved roads (DST_MR), yet detections are more likely in locations
closer to secondary roads and urban clusters than completely undisturbed landscapes. The
significance of the SESSION covariates document that as the sampling season progressed, p did

not remain the same.

Table 4 — Selected models for detection probability (p) using bobcat detections recorded in West Virginia during the
2015 season. -2 Ln L is 2 times the negative log likelihood of that particular model. AAIC = Akaike’s Information
Criterion. or is the model weight ratio, recalculated for these selected models. K* is the number of parameters
included in the model. This number is greater than the number of parameters listed under model because SESSION
has to be coded as four separate variables (SESSION 1 was reference and absorbed into the intercept and
SESSIONS 2, 3, 4, and 5 were included) in RPRESENCE. (For covariate definitions, see Table 3).

Model -2LnL AAIC o K
1 YT PSR e T PSTYET  ig0038 000 041 9
2 v-bop- DSI—SETJ’_BST_F—Q"E%;“IgENR—DFOR—looo 179918 080 027 10
3 v-i.p- gz.Tr:s%RR: Dobmon o Rt 180021 183 016 10
,  w=1,p-DSTSR+DSTUC+DST_MR+ o000 100 015 10

ROAD DEN + SESSION

Table 5 — f values (with standard errors) for the BEST model for detection probability (p) of the 2015 dataset and
the included covariates (Table 3). This was then held constant when modeling occupancy () for the 2015 dataset.
Values in bold indicate that the parameter estimate, when combined with the standard error, did not cross zero, and
is a significant predictor.

Model w~1, p~DST_SR+DST_MR + DST_UC + SESSION
DST_SR -0.191 + 0.081
DST_MR 0.191 +0.073
g DST_UC -0.165 + 0.080
% SESSION 1 -1.903 + 0.202
5  SESSION2 0.522 +0.218
8§  SESSION3 -0.204 + 0.236
SESSION 4 -0.070 + 0.246
SESSION 5 -0.453 + 0.239
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Of the 288 model candidate pool for y, 13 models with a AAIC < 2 were selected for use
in further analyses (Table 6). The covariates that comprised these 13 models only related to those
describing the level of human impacts on a particular landscape. Each of the seven covariates
chosen to model the human impact hypothesis appeared in at least one of the selected models.
The 13 selected models were then averaged to produce the final 2015 occupancy model. The
model averaged estimates of y ranged from 0.005—1.000, with a mean y of 0.858 £ 0.057. The
2015 occupancy model predicts very high levels of bobcat occupancy along the Appalachian
Mountain corridor running through the center of the state and moderate to low levels of
occupancy in the western portion and eastern panhandle (Figures 5, 6). Cells located within or in
close proximity to urban areas have very low predicted values of .

The values of § for each model were not averaged together since no consensus method
exists for completing this procedure on covariates not present in every selected model (Clare et
al. 2015). Each covariate used in every model of y for 2015 was considered to be significant
because the estimates, when combined with the standard error, did not cross zero (Table 7). The
covariates appearing in the most models, and thus suspected of being the best predictors of y at
the landscape scale, were ELEV and ROAD_DEN. ELEV was positively correlated with v,
indicating that bobcats are more likely to inhabit sites at higher elevations where overall human
impacts may be less. ROAD_DEN was negatively correlated with y, which means that bobcats
were more likely to occupy sites with lower road densities. While these were the most significant
predictors, y was also negatively correlated with PER_AF and DST_UC, indicating that bobcats
were more likely to occupy locations with less percentage total forest and that were closer to

urban clusters. The mixture of both positive and negative correlations with certain covariates of
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human impact suggest that bobcats may have different responses to human disturbance at

varying spatial scales.
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Table 6 — Selected models for the probability of occupancy (y) and the 2015 dataset of bobcat detections in West Virginia. -2 Ln L is 2 times the negative log
likelihood of that particular model. AAIC = Akaike’s Information Criterion. or is the model weight ratio, recalculated for these selected models. K* is the
number of parameters (Table 3) included in the model. This number is greater than the number of parameters listed under model because SESSION has to be
coded as four separate variables (SESSION 1 was reference and absorbed into the intercept and SESSIONS 2, 3, 4, and 5 were included) in RPRESENCE.

Model 2LnL AAIC o @ K*
1 w~DST_UC + PER_HIDEV + ROAD_DEN + ELEV + PER_AF, p ~ (BEST) 177035 0.00 0.149 14
2 w~DST_SR + ROAD_DEN + ELEV + PER_AF, p ~ (BEST) 177345 111 0.086 13
3 w ~DST_SR + DST_PR + ROAD_DEN + ELEV + PER_AF, p ~ (BEST) 177148 113 0.085 14
4 w~DST_UC + DST_PR + PER_HIDEV + ROAD_DEN + ELEV + PER_AF, p ~ (BEST) 1769.62 1.28 0.079 15
5 w~DST_UC + ROAD_DEN +ELEV + PER_AF, p ~ (BEST) 177364 129 0.078 13
6 w~DST_UC + DST_SR + ROAD_DEN + ELEV + PER_AF, p ~ (BEST) 1771.70 1.35 0.076 14
7 w~DST_UC + ROAD_DEN + ELEV, p ~ (BEST) 177588 153 0.069 12
8 w~DST_UC + DST_PR + ROAD_DEN + ELEV, p ~ (BEST) 177391 156 0.068 13
9 w~ELEV + DST_SR + PER_HIDEV+ ROAD_DEN + ELEV + PER_AF, p ~ (BEST) 1772.00 1.66 0.065 14
10 w~DST_SR + PER_HIDEV + ROAD_DEN + ELEV + PER_AF, p ~ (BEST) 1772.00 166 0.065 14
11 y~DST_UC +DST_SR + DST_PR + PER_HIDEV+ ROAD_DEN + ELEV + PER_AF, p ~ (BEST) 1768.08 173 0.063 16
12 w~DST_UC + DST_SR + DST_PR + ROAD_DEN + ELEV + PER_AF, p ~ (BEST) 177017 1.83 0.06 15
13 w~DST_UC +DST_SR + DST_PR + ROAD_DEN + ELEV, p ~ (BEST) 177219 1.84 0.059 14
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Table 7 — s values (with standard errors) for the selected models for occupancy probability () of the 2015 West Virginia bobcat detection dataset and the
included covariates (Table 3). Values in bold indicate that the parameter estimate, when combined with the standard error, did not cross zero, and is a significant
predictor. F is the number of selected models in which that covariate is a significant predictor.

Model 1 2 3 4 5 6 7 8 9 10 11 12 13 F
-0.878
DST UC -1.033 ) ) ) -1.016 -0.705 -.0535 -0.826 . 0754 -0507  -0.74L 4
- +0.641 £0627 +0466 +0439 +0499 ) oog +0573 +0.469 +0.541
-0.677 -0.335 -0.652 -0.335  -0.500
PER_HIDEV 0642 +0.297 ) i +0.476 i i i i +0.297 +0.414 i i 5
ROAD DEN -1523  -0.743 -0.794 -1.050 -1.672 -1.333 -1.101  -1.423 ) 0743 -1.386 -1.282 -1600 .,
- +0.663 +0.393 +0.392 +0509 +0.717 +0520 +0.501 +0.589 +0.393 +0.664 +0575 +0.705
)
4
S ELEV 7541+ 5319+ 5102+ 5501+ 7526+ 6358+ 5799+ 6562+ 6582+ 5.319+ 6697+ 5876 6.523% .
g 2407 1443 1465 1646 2407 1738 1668 1.842 1.835 1443 2115 1678  1.932
(@]
PER AF -0.771 -0.713  -0.591 ) -0.702  -0.469  -0.582 ) ) -0.713  -0.712  -0.486 ) 9
- +0415 +0341 +0.311 +0.423 +0.324 +0.329 +0.341 +0.406 +0.336
DST SR ) 0.7090+ 0743+ 0.769 ] ] 0.614 + ] ] 0.709+ 0553+ 0651+ 0550+
- 0.456  0.461  0.445 0.468 0456  0.463  0.452  0.455
DST PR ) ) ) -0.785 ] ) ) ) -0.911 ) -0.622 '0'122 -L019
- +0.604 +0.659 £0615 o0, +0647
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Bobcat Occupancy Predictions
from 2015 Dataset

I 0.000 - 0.300
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Figure 5 — A 10km? raster of West Virginia with pixels assigned the values of bobcat occupancy probability () as predicted from the model-averaged 2015 occupancy model for
covariates collected from centroid points of each polygon.
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Bobcat Occupancy Prediction

N IDW Interpolation 2015
2 . . weem High : 1.000
| w0012
[ . .. | e KilOMeters
0 35 70 140 210 280

Figure 6 — Inverse Distance Weighted (IDW) interpolated raster created using the values of bobcat occupancy probability (1) predicted for each raster cell by the 2015 occupancy
model.
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2016 Occupancy Model

Of the 1,024 models of p examined for 2016, more than 80% failed to converge, and for
those that converged, the standard errors of parameter estimates were 0.000. These results are
indicative of an underlying problem with this dataset. These issues were most likely a result of
the sparseness of the 2016 dataset, when considered on its own, since only 100 bobcat detections
were recorded. This problem is not uncommon in occupancy modeling when a dataset does not
have sufficient statistical power to discern amongst covariates when the dataset used to initially
estimate parameters is limited. This exact problem was encountered by Lesmeister et al. (2015)
when examining the camera-cluster scale data when including certain covariates. Due to the high
probability of constructing an erroneous occupancy model, the 2016 dataset, on its own, was not

used for any additional analyses.

2015-16 Occupancy Model

Of the 1,024 candidate models examined for p for the 2015-16 dataset, 12 had a AAIC <
2 (Table 8). However, only the top detection model was used for further analyses, as described
previously, and was held as a constant for use in modeling y (p ~ DST_MR + YEAR + REDO +
SESSION). The estimates of p for the best model ranged from 0.031 — 0.241, with a mean of
0.098 + 0.014, and a per-session average p of 0.392. The B values for the 8 covariates included in
p(BEST) were all found to be important to the model since the parameter estimate of each
covariate, combined with their standard error, did not cross zero (Table 9). DST_MR (0.117
0.056) and SESSION 2 (0.231) were positively correlated with p, while YEAR (-0.932 £ 0.140),
REDO (-0.763 + 0.272), SESSION 1 (-1.617 + 0.177), SESSION 3 (-3.53 + 0.186), SESSION 4

(-0.523 £ 0.192), and SESSION 5 (-0.656 = 0.200) were negatively correlated with p. Just as was
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in the 2015 dataset, bobcat p was reduced in close proximity to minor roads. Again, p was not
constant across the sampling sessions and was greatest in SESSION 2. Bobcat p was also
reduced in 2016, as compared to 2015, and p was also less in 2016 at the same sites that were
also sampled in 2015, suggesting a potential trap-aversion response of previously exposed

bobcats.
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Table 8 — Selected models for detection probability (p) using the 2015-16 dataset of bobcat detections in West
Virginia. -2 Ln L is 2 times the negative log likelihood of that particular model. AAIC = Akaike’s Information
Criterion. or is the model weight ratio, recalculated for these selected models. K* is the number of parameters
(Table 3) included in the model. This number is greater than the number of parameters listed under model because
SESSION has to be coded as four separate variables (SESSION 1 was reference and absorbed into the intercept and
SESSIONS 2, 3, 4, and 5 were included) in RPRESENCE.

Model -2LnL AAIC o K

1 p~DST MR + YEAR + REDO + SESSION 270097 0.00 0.08 9

2 p~DST PR + YEAR + REDO + SESSION 2701.21 023 0.07 9

p~DST_MR + PER_DFOR_1000 + YEAR + REDO +

3 SESSION 2699.51 054 0.06 10

4 p~DST_MR + DST_PR + YEAR + REDO + SESSION 2699.54 057 0.06 10

5 p ~DST_MR + BearDAM + YEAR + REDO + SESSION 2699.58 0.61 0.06 10

6 p~ YEAR + REDO + SESSION 2703.60 063 0.06 8

7 p~DST _UC +DST_PR + YEAR + REDO + SESSION 2699.75 0.78 0.06 10
p~DST_MR + DST_PR + BearDAM + YEAR + REDO +

8 SESSION 2697.83 086 0.05 11

9 p ~DST_PR + BearDAM + YEAR + REDO + SESSION 2700.03 106 0.05 10
p~DST MR +DST _UC +DST PR + YEAR + REDO +

10 SESSION 2698.19 121 005 11
p~DST_MR + PER_DFOR_1000 + BearDAM + YEAR +

11 REDO + SESSION 2698.33 136 0.04 11
p~DST_MR + PER_DFOR_1000 + DST_PR + YEAR +

12 REDO + SESSION 2698.35 137 004 11

p ~PER_DFOR_1000 + DST_PR + YEAR + REDO +

13 SESSION 270059 162 0.04 10

14 p~DST_MR + DST_SR + YEAR + REDO + SESSION 2700.6 162 0.04 10

15 p~DST SR+ DST PR + YEAR + REDO + SESSION 2700.64 167 0.04 10

p~DST_MR +DST_UC + DST_PR + BearDAM + YEAR +

16 REDO + SESSION 2696.83 186 0.03 12

17 p ~PER_DFOR_1000 + YEAR + REDO + SESSION 2702.85 188 0.03 9

18 p~DST MR+ DST _UC + YEAR + REDO + SESSION 2700.85 188 0.03 10
p~DST _UC + DST_PR + BearDAM + YEAR + REDO +

19 SESSION 2698.86 189 0.03 11

20 p ~ BearDAM + YEAR + REDO + SESSION 2702.86 1.89 0.03 10

o1 P~ DST_MR + PER_DFOR_1000 + DST_PR + BearDAM + 2696.88 191 003 12

YEAR + REDO + SESSION
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Table 9 — 8 values (with standard errors) for the BEST model for detection probability (p) of the 2015-16 dataset
and included covariates (Table 3). This was then held constant when modeling the probability of occupancy () for
the 2015-16 West Virginia bobcat presence-absence dataset. Values in bold indicate that the parameter estimate,
when combined with the standard error, did not cross zero, and is a significant predictor.

Model p~DST_MR + YEAR + REDO + SESSION
DST_MR 0.117 +0.056
YEAR -0.932 £ 0.140
_ REDO -0.763 £ 0.272

3

% SESSION 1 -1.617 +0.177
-§ SESSION 2 0.231+0.172
2 SESSION 3 -0.353 £ 0.186
SESSION 4 -0.523 £ 0.192
SESSION 5 -0.656 + 0.200

From the 288 candidate models constructed for y using the 2015-16 dataset, a total of
five models were selected and included in further analyses (AAIC < 2) (Table 10). The five
models were comprised of combinations of all seven covariates included in the original
hypotheses to describe the varying levels of human impact on the landscape. The model
averaged estimates of y ranged from 0.062 — 1.000, with a mean y of 0.834 £ 0.055. The 2015-
16 occupancy model predicts very high levels of bobcat occupancy throughout the Appalachian
Mountain corridor running through the center of the state, just as the 2015 model did (Figures 7,
8). However, the western portion of the state and eastern panhandle appear to have lower overall
predicted bobcat occupancies. This is most likely as a result of the greater number of non-
detections in the 2016 dataset, particularly in the western portions of the state. Cells located

within or in close proximity to urban areas have reduced predicted occupancy, just as was found
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in 2015. Just as was found using only the 2015 — 2016 dataset, bobcats are modeled to have a
statewide distribution.

The g values calculated for each model of the 2015-16 dataset were not averaged
together, just as described in the previous section. Of the seven covariates included in the
selected five models, only four were found to be significant because their parameter estimates
combined with standard errors did not cross zero (Table 11). ROAD_DEN, ELEV, and PER_AF
were included in all five of the selected models with DST_PR was only in four. A positive
relationship between y was documented for ELEV, indicating that, generally, bobcats preferred
locations at higher elevations. DST_PR, PER_AF, and ROAD_DEN were negatively correlated
with w, meaning that bobcats selected locations in closer overall proximity to larger roads, but
avoided locations with high road density. Also, bobcats were more likely to occur in locations
with lower percentages of total forest, indicating that bobcats favored areas with some level of

human disturbance.
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Table 10 — Selected models for occupancy probability (1) using the 2015-16 West Virginia bobcat presence-absence dataset. -2 Ln L is 2 times the negative log likelihood of that
particular model. AAIC = Akaike’s Information Criterion. or is the model weight ratio, recalculated for these selected models. K* is the number of parameters (Table 3) included

in the model. This number is greater than the number of parameters listed under model because SESSION has to be coded as four separate variables (SESSION 1 was reference

and absorbed into the intercept and SESSIONS 2, 3, 4, and 5 were included) in RPRESENCE.

Model -2LnL AAIC o K
1 w~DST_PR + ROAD_DEN + ELEV + PER_AF, p ~ (BEST) 2642.43 0.00 0.38 13
2 w ~DST_UC + DST_PR + ROAD_DEN + ELEV + PER_AF , p ~ (BEST) 2641.98 1.55 0.18 14
3 w ~ROAD_DEN + ELEV + PER_AF, p ~ (BEST) 2646.27 1.84 0.15 12
4 w~DST_SR + DST_PR + ROAD_DEN + ELEV + PER_AF, p ~ (BEST) 2642.41 1.98 0.14 14
g w~DST_PR+PER_HIDEV_2500 + ROAD_DEN +ELEV + PER_AF , p ~ 642,43 200 0.14 14

(BEST)

Table 11 — g values (with standard errors) for the BEST model for probability of detection (p) of the 2015-16 dataset of West Virginia bobcat presence-absence and the included

covariates (Table 3). This was then held constant when modeling v for the 2015-16 dataset. Values in bold indicate that the parameter estimate, when combined with the standard
error, did not cross zero, and is a significant predictor.

Model 1 2 3 4 5 F

DST_PR -0.856 £+ 0.453 -0.791 +0.446 -0.856 +0.452 -0.856 + 0.454 4

. ROAD_DEN -0.837+£0.361 -0.842+0.350 -0.582+0.299 -0.830+0.364 -0.838 +£0.369 5
? ELEV 4,798 £ 1.431 4.816 + 1.385 4.328 + 1.447 4,792 + 1.429 4,799 £1.438 5}
-g PER_AF -0.748 £0.432 -0.647+£0.426 -0.760+0.442 -0.750+0.434 -0.747 £0.458 5
f>3 DST_UC - -0.214 £ 0.319 - - - 0
DST_SR - - - 0.042 + 0.326 - 0
PER_HIDEV - - - - 0.003 £ 0.336 0
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Bobcat Occupancy Predictions
from 2015-16 Dataset
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Figure 7 — A 10km? raster of West Virginia with pixels assigned the values of the probability of bobcat occupancy (i) as predicted from the 2015-16 occupancy model for the
covariates collected from centroid points of each polygon.
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Bobcat Occupancy Prediction
IDW Interpolation 2015-16

mee High : 1.000
M w0042

EEE 2 e iloMmeters
0 35 70 140 210 280

Figure 8 — Inverse Distance Weighted (IDW) interpolated raster created using the values of predicted bobcat occupancy probability (i) for each raster cell by the 2015-16
occupancy model.
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Discussion

Predicted Estimates of Detection and Occupancy at the Landscape Scale

The average predicted bobcat y was 0.858 + 0.057 and 0.834 + 0.055, for the 2015 and
2015-16 datasets, respectively. As was expected with a continuously-ranging mesocarnivore
species like the bobcat, the average  is relatively high, indicating that bobcats likely inhabit
most acceptable habitats that are currently available in West Virginia. Occupancy is either 1, or
very close to 1, along the heavily forested core in and surrounding the Appalachian Mountains
and Monongahela National Forest, and is reduced heavily in the more populated areas along the
Ohio River and the far eastern panhandle. These predicted average values of  are similar to
what was found by Lesmeister et al. (2015) in a camera-trapping survey in southern Illinois
(0.75), but much higher than the survey of Clare et al. (2015) in central Wisconsin (0.40), Erb et
al. (2012) along the Appalachian Trail corridor (0.32), and Long et al. (2011) in Vermont
(0.326). A direct comparison of these modeled occupancy values suggests that bobcats are much
more ubiquitous in West Virginia than most of these other sampled locations.

The average predicted bobcat p was 0.133 £ 0.027 and 0.098 + 0.014, for the 2015 and
the 2015-16 datasets, respectively. These values are within what would be expected for a highly
mobile, yet elusive species that can be difficult to sample. Over the course of a session, each
individual cell was predicted to have a 53.2% or 39.2% probability of successfully sampling a
bobcat, if one was present in the sampling cell, for the 2015 and 2015-16 datasets, respectively.
The average predicted weekly p from this study is similar to what was found using camera traps
in other locations, such as Erb et al. (2012) along the Appalachian Trail corridor (0.098).
However, the single-week estimate of p was lower than other camera-trapping studies in central

Wisconsin (Clare et al. 2015) (0.216), southern Illinois (Lesmeister et al. 2015) (0.20), and a scat
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detection dog survey in Vermont (Long et al. 2011) (0.27). This study is the first in recent years
to complete large-scale occupancy modeling using a felid hair-snare so a direct comparison to
other studies cannot be made. Hair snares are assumed to be less effective at sampling present
animals, as compared to camera-trapping, because an interaction between the animal to be
sampled and the device is required. However, many of these studies were completed in locations
with much more defined travel routes between areas of acceptable bobcat habitat that is
surrounded by mediocre habitat. As such, these travel routes may artificially increase the
calculated value of p, since habitat features like these are uncommon in West Virginia, due to the
complex topography and the well above-average percentage of forested overstory. However, the
calculated values of p from this study still remain comparable to those of camera studies. The
success of the hair snare cubby should be evaluated in additional localities to gain a better

understanding of the strengths and weaknesses of the device in diverse settings.

Best Covariates for Explaining Differences in Probability of Detection

For the 2015 dataset, the most important covariates in regards to predicting p were the
human impact covariates of DST_SR (distance to secondary road), DST_MR (distance to minor
road), DST_UC (distance to urban cluster), and the sampling covariates of SESSIONS 1, 2, and
5. DST_SR and DST_UC were both negatively correlated with bobcat p, indicating that bobcat
detections were negatively impacted by the distance to a secondary road or urban cluster, and
were higher in close proximity to these features. However, bobcat p was positively correlated
with DST_MR, meaning that bobcat detections increased as the distance to a minor road also
increased. The relationships of these variables to bobcat p suggest that bobcat detection is

affected by human impact at different spatial scales. At the local scale, bobcats avoid minor
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paved roads and were more likely to be detected in locations not adjacent to these roads.
However, at the larger spatial scale, bobcats were more likely to be detected in areas with some
level of human impact, such as the proximity of secondary or primary roads. Perhaps bobcats
moved around the landscape more in these disturbed locations and were thus more likely to be
exposed to the sampling devices. Erb et al. (2012), Clare et al. (2015), and Lewis et al. (2015)
used similar human disturbance covariates in their studies that were also found to be negatively
correlated with bobcat p.

Finally, the session in which the sampling took place was found to significantly impact p.
The probability of detection was greatest during SESSION 2, which took place from April
through early May (Table 1), appears to be a time when overall bobcat movement is the greatest,
as the juveniles leave the home ranges of their mothers and disperse to search for an unoccupied
home range (Kitchings and Story 1984). However, it is also possible that the locations with the
greatest densities of bobcats, which would artificially increase p, were all coincidentally sampled
during SESSION 2, or that the nearly three-week difference in the session start date between
2015 and 2016 created a confounding response. SESSIONS 1 and 5 had significant negative ’s
(-1.903, -0.453) indicating that at these times of the year, bobcat detections were less than what
was expected based on what was found during SESSION 2. Future studies may want to avoid
sampling during SESSIONS 1 and 5, which are times when the same level of sampling effort
will yield significantly fewer bobcat detections, as compared to SESSIONS 2, 3, and 4 (April —
June). While included as a potential covariate for the models of p, BearDAM (bear damage) was
not in the best supported during the model selecting process, and thus was not included in

construction of the final model. While bears damaging the sampling stations may have had an
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impact on the overall collection of bobcat samples, this impact was not so significant that it stood
out beyond other covariates during the modeling procedures.

For the combined 2015-16 dataset, the most important covariates that impacted p were
the human impact covariates of DST_MR (distance to minor road), YEAR, REDO, and the
sampling covariates of SESSIONS 1, 2, 3, 4, and 5. DST_MR was found again to be positively
correlated to the distance to minor roads indicating that as the distance to minor paved roads
became greater, so did bobcat p. This suggests that bobcats are likely to use areas adjacent to
roads less frequently. Both YEAR and REDO were found to be negatively correlated with bobcat
detections. Bobcat detections much lower at sites sampled in 2016 than in 2015, and was also
lower at sites that were sampled in 2015 and redone in 2016. This result is important because it
documents a drop in detections when resampling the same areas, or that the recapture success of
the bobcat hair snare may be limited, even when p is relatively high for a hair snare and naive
encounters. The same patterns of the impact of particular sessions were also observed in the
2015-16 dataset in that the best detection rates occurred during SESSIONS 2, 3, and 4, with

SESSIONS 1 and 5, having lower predicted values of p.

Best Covariates for Explaining Variances in Bobcat Occupancy Probability

Through model selection, it was determined that the most important factors determining
bobcat y in West Virginia are those associated with human impacts—for both the 2015 and the
2015-2016 datasets. Each of the seven human impact covariates tested was found in at least one
model with a AAIC > 2 and were a part of the final averaged model. However, since there is no
consensus method on model averaging  estimates for parameters (Clare et al. 2015), this was

not completed, and the following discussion will be of trends discovered in the B’s from multiple
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models. For the 2015 dataset, the covariates of ELEV and ROAD_DEN appeared in 13 and 12 of
the final 13 selected models, respectively, and were considered to be the most important
variables predicting bobcat occupancy. Elevation was a strong positive predictor of bobcat v,
presumably because human impacts are greatest in the many valleys of West Virginia and areas
of higher elevation are often less disturbed and offer more contiguous habitat for bobcats. Road
density was another strong predictor of bobcat v, but with a negative relationship, meaning that
bobcat  was reduced in areas with more roads. A similar conclusion was also reached by
Lesmeister et al. (2015), as roads were also some of the most important predictors of bobcat y in
their study.

Other moderate predictors of bobcat y for 2015 were DST_UC (distance to urban
cluster), PER_AF (percentage all forest), and DST_SR (distance to secondary road). Bobcat v,
was negatively correlated with DST_UC and PER_AF. Bobcats were more likely to occupy
areas closer to urban clusters than not and they also selectively occupied areas with a lower
percentage of total forest (mean forest percentage for studied sites was roughly 80%). The
response of bobcat y to these covariates is likely the result of their selection of habitats with
some form of disturbance near urban clusters that creates early successional habitats to increase
prey diversity and density. Previous studies have found that bobcats are not particularly
associated with certain habitat types, but choose their home ranges based on prey density
(McCord 1974, Litvaitis et al. 1986, Chamberlain et al. 1999, 2003, Long et al. 2011, Lesmeister
et al. 2015). While a prey selection hypothesis was included in this study, the model selection
procedures did not find these covariates to be as effective at predicting bobcat y in West Virginia
as those associated with human impacts. However, this is most likely due to the lack of fine-scale

data on bobcat prey availability on the scale of the entire state, rather than lack of support for this
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hypothesis. DST_SR is positively correlated with y, which means that bobcat y increases at
greater distances from secondary roads. As described previously, bobcats appear to be selecting
for locations that have some form of minimal human impact and environmental manipulation to
increase prey diversity; however, they selectively avoid areas of substantial disturbance. In
contrast to the other covariates, PER_HIDEV (percentage of high intensity development) and
DST_PR (distance to primary road) are minor predictors of bobcat y and only appear in a few of
the selected models. Bobcats were found to be less likely to occupy areas of intense human
development (PER_HIDEYV), but there was a negative relationship between y and DST_PR,
meaning that bobcats were more likely to occupy areas closer to primary roads than those that
were not. Both of these relationships seem to support the hypothesis introduced previously in
that bobcats selectively occupy areas with some human disturbance over areas of pure forest.

In contrast to the large number of models selected for y for the 2015 dataset, only five
were selected for inclusion in the 2015-16 dataset. However, the selected models shared the same
covariates as the 2015 dataset, indicating that for 2016, similar trends were observed for bobcat
w, as was documented in 2015. The most important variables in predicting bobcat v for the
2015-2016 dataset were again ELEV and PER_AF, with the same exact trends as the 2015 data.
Just as in the 2015 dataset, bobcat y was positively associated with areas of higher elevations,
presumably due to the lessened human impact; however, bobcats were again negatively
associated with the percentage of total forest. Both DST_PR and ROAD_DEN appear to be
moderate factors describing bobcat y for this combined dataset, with a negative bobcat
association with areas of increased road density and a decrease in y in locations far away from
primary roads. Bobcats appear to be selecting locations near primary roads so there is some form

of development but avoiding areas where road density is high. However, many primary interstate
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highways also pass through relatively undeveloped or remote locations in West Virginia, so this
may be the cause of some error for this predictor. DST_UC, DST_SR, and PER_HIDEV, while
included in final models, did not have effects on bobcat y that were deemed significant once
their standard errors were taken into account. In conclusion, the factors having the greatest
impact on bobcat y are the same in both the 2015 and the 2015-16 datasets, adding to the weight
of evidence for this hypothesis of bobcats selectively occupying habitats of minor human

disturbance, rather than those located primarily in wooded areas.
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Chapter 4 - Estimating the Size of West Virginia’s Bobcat Population

Abstract

Sustainable management of harvested wildlife species can be difficult without reliable
estimates of the population densities. Bobcats (Lynx rufus) are medium-sized felids of
conservation concern to states in which these animals are harvested since they are included under
the Convention on International Trade in Endangered Species of Wild Fauna and Flora (CITES)
Appendix Il. The objective of this research was to use the newly developed bobcat hair snare
cubby to estimate abundance and density of bobcats in West Virginia. Between the 2015 and
2016 field seasons a total of 1,500 different 10km? locations were sampled for bobcats. A total of
378 bobcat detections were recorded, and of these, 60.8% (n = 230) were successfully
genotyped. These detections originated from 212 individual bobcats that were captured once, and
9 individuals that were captured twice. However, this quantity of recaptures was not sufficient
for use in spatially explicit capture-recapture (SECR) so a combination of minimum known alive
(MKA) and a Royle-Nichols model were used to estimate relative bobcat density between
ecological regions and abundance, respectively. The Royle-Nichols model estimated abundance
was 10,926.51 + 2,960.43, with a 95% confidence interval of 6,018.11 — 19,838.26. Based on the
lowest estimated population size, as calculated by the standard error of the Royle-Nichols model
(n =7,966), and a post-harvest population, an average harvest of roughly 1,700 individuals per
year should result in a stable or growing bobcat population. Finally, the current management
model used for projecting population change was validated empirically and should be updated

with more current demographic data.
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Introduction

The bobcat is a medium sized member of the Felidae family that is native to North
America. Bobcats are found throughout the United States, except for Delaware (Roberts and
Crimmins 2010), and in many of the states in which they reside, bobcats are hunted and trapped,
mainly for their fur. However, bobcats remain a conservation concern for states that allow
regulated hunting and trapping due to their inclusion in the Convention on International Trade in
Endangered Species of Wild Fauna and Flora (CITES) Appendix Il in 1977, since they are a
look-alike species to the endangered Iberian lynx (Lynx pardinus) (CITES 17" Meeting 2016).
Compliance with CITES regulations requires state wildlife agencies to report that all harvests are
sustainable and will not have long-term detrimental impacts on the population in question in
addition to any changes in bobcat hunting and trapping regulations. To ensure that these
obligations under CITES are met, state wildlife agencies require demographic information and

population estimates, to make informed management decisions.

Spatially Explicit Capture-Recapture
Spatially explicit capture-recapture (SECR) (Borchers and Efford 2008) is a relatively

new type of modeling that combines the population estimation capabilities of a capture-recapture
model with parameters that are accounted for in physical space. One of the major drawbacks of
traditional capture-recapture modeling was that study sites located near the edge of the sampling
area had increased error since spatial processes off the sampling grid were ignored (Royle et al.
2013). Traditional methods also did not account for the fact that proximity of the detector to an
animal’s home range significantly impacted detection probabilities (Borchers and Efford 2008).

SECR models evaluate the relative position of individual animal home ranges on a sampling grid
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based on spatial recaptures, or recaptures that occur at different sites. However, without these
spatial recaptures, the method is unable to provide any density estimation. SECR models have
already been applied to estimate bobcat density in Texas (Thornton and Pekins 2015), central
Wisconsin (Clare et al. 2015), and the Appalachian Mountains of Virginia, directly on the border
with West Virginia (Morin et al. 2018). While these studies used SECR to estimate bobcat
abundance, none used hair snares for bobcat detection. SECR models are more powerful than
traditional capture-recapture methods, but they still require many recapture events, which may be

difficult to achieve using hair-snares.

Royle-Nichols Model

The Royle-Nichols modeling framework uses repeated detection-nondetection data to
arrive at an estimate of abundance (Royle and Nichols 2003). This model is based on the premise
that detection probability varies due to abundance of the species of interest at each site. The
pattern of repeated detections is then used to fit estimated abundances to a probability
distribution, with a Poisson distribution being the most common. While this model is
advantageous in that it does not require capture-recapture data to estimate abundances, the three
important assumptions of this model can limit its utility: 1) detections must be independent, 2)
the number of animals at a site cannot vary between survey periods (assumed population
closure), and 3) the detection probability of each animal is constant over time. These
requirements limit the use of this type of model in estimating animal abundances; however, a
recent capture-recapture study of the fisher (Martes pennanti) found that density estimates were

nearly identical between the Royle-Nichols and a SECR model when the size of the sampling
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unit was roughly equivalent to, or slightly smaller than, average home range size (Linden et al.

2017).

West Virginia Bobcat Management Model

The current method used in West Virginia to determine the yearly change in population
size is based on Crowe’s (1975) model, originally designed for a harvested bobcat population in
Wyoming. Currently, the WVDNR uses this model with bobcat demographic data collected in
the late 1970s and early 1980s (Fox and Fox 1982). The yearly change in population size is
predicted by Crowe’s model Y = S, + F(Sy), where Y is the yearly change in population size, Sa
is the adult survival, F is the number of female young produced per female, and Sy is juvenile
survival. Based on this model and the data collected in 1982, as well as in other localities that
manage bobcats, 21% of the total yearly surplus can be harvested, while still leaving sufficient
numbers for sustainable population growth (personnel communication: Rich Rogers, WVDNR).
However, these demographic data collected in 1982 may no longer be reflective of the current
West Virginia bobcat population. Importantly, another demographic and health study was
recently completed on West Virginia’s bobcats (Landry 2017), and these data are available for

use in modeling.

Study Objectives

The density of bobcats, as derived from nonharvest data, in West Virginia has never been
evaluated in a formal study. To assist the WVDNR in ensuring continued, sustainable bobcat
harvests, abundance and density estimates for the bobcat population in West Virginia were

generated using a combination of spatially-explicit capture-recapture and occupancy modeling.
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The following were the objectives of this research project: 1) Estimate the abundance and density
of bobcats across the study area in West Virginia, as well as each ecological region (Uhlig and
Wilson 1952, appendix Figure 1); 2) compare abundance and density estimates between
occupancy Royle-Nichols models (Royle and Nichols 2003) and SECR; 3) compare and contrast
the estimated population abundances and densities to those calculated using West Virginia’s
current bobcat population model; and 4) determine if a new population growth model would

better represent West Virginia’s bobcat population than what is currently used for management.

Materials and Methods

Field Methods

Both the bobcat presence-absence and individual identity data for this project originated
from a statewide hair snare survey. The hair snare used for this study was developed specifically
for the West Virginia Division of Natural Resources Bobcat Project (see Chapter 2). It was
constructed of thin, blue corrugated plastic and was erected like a tent tall enough that an adult
bobcat could move directly through the device without crouching. Four 0.30-caliber gun brushes
were affixed to each entranceway of the cubby to forcibly remove hair from any animals entering
the device. A carpet pad affixed to the inside of the device was coated with two scent lures: a
mixture of beaver (Castor canadensis) castoreum and artificial catnip oil and a separate Light
Skunk paste calling lure (Cage Magic Lures, Barstow, CA). In addition to the scent lures, a small
food bait of Caven’s Minnesota Brand Bobcat Chunk Bait (Minnesota Trapline Products,
Pennock, MN) was placed in a mock cache hole that was dug directly under the center of the

erected cubby.

102



Sampling locations were selected after using an artificial grid latticework of 10km? cells
to divide West Virginia into discrete sampling units. This cell size was specifically selected
based on the recommendations of White (1982), that for capture-recapture studies, at least two
sampling devices should be placed in the smallest possible home range. Female bobcats
generally have smaller home ranges than males (Lovallo and Anderson 1996), and their average
home range size in West Virginia was thought to be ~20km?, based on work completed in similar
habitats of neighboring Virginia (Progulske 1952, McCord and Cordoza 1982). A total of 60
clumped groupings of 25 cells (5x5, 250km?) were surveyed, with 30 surveyed in 2015 and the
second 30 in 2016. However, nine locations sampled in 2015 were resampled in 2016 as a direct
comparison of sampling performance between seasons. Each clumped survey site (250km?) was
selected based on numerous criteria, with the most important being an attempt to evenly
minimize distances between trapping grids and maximize the accuracy of the final interpolated
population estimate. Sampling sites were also purposefully selected to include both suspected
high quality and marginal bobcat habitat, as well as locations with highly varied bobcat densities.

Within each 10km? cell selected for study, a single hair snare cubby was placed
opportunistically based on available habitat types and landowner permissions. When available,
cubbies were selectively placed on or adjacent to game trails or dirt roads in forested habitats, as
recommended by Clare et al. (2015) for increasing the probability of detecting bobcats. Cubbies
were also selectively placed near natural funnels such as rock formations, when available. To
collect data on bobcat habitat selection, many cubbies were deployed either deliberately, or due
to extraneous circumstances, in what was suspected to be suboptimal bobcat habitat. Each site
was sampled for a four-week period referred to henceforth as a session, which was further

broken down into four 1-week samplings. At the end of every week, the gun brushes from each
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cubby were collected, regardless of whether a hair sample was visible. The scent lures and bait
were also refreshed every week when the gun brushes were replaced. Between the second and
third weeks of sampling, the cubbies were moved roughly 15m from the original location, to
reduce a potential trap-avoidance response (Kendall et al. 2008). During each field season a total
of five trapping sessions were held. Each session was comprised of four weeks of continuous
sampling at the same location. The sessions took place between March—August in 2015 and
March—July in 2016, with six different 25-cell grids being deployed statewide at any given time
(Table 1). At the conclusion of a session, each cubby was removed and placed in a new sampling

location.

Laboratory and Molecular Methods

Gun brushes collected in the field were examined for the presence of hair samples under
a dissecting microscope. Entire hairs were removed from each of the four gun brushes collected
from a single cubby and were placed into a single 1.5mL microcentrifuge tube containing 100 —
125uL of molecular grade distilled water. Collected hair samples were stored at -20°C until
DNA extraction with a Qiagen (Bethesda, MD) DNeasy 96 Blood & Tissue kit using a modified
protocol. To completely digest the entire hair samples, 20uL of proteinase K (20mg/mL), 30uL
of 1M DTT (dithiothreitol), and 250uL of buffer ATL were added. The samples were then
incubated at 56°C until completely dissolved, which occurred within 5 — 10 hours. The
additional DNA extraction procedures were completed following the manufacturer’s
recommendation except that the final elution step was modified to consist of two 100uL buffer
AE elutions. This second elution was used to ensure the maximum possible recovery of DNA

from the filter of the spin column. Following elution, sample plates were dried on a vacuum
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centrifuge at 60°C for six hours until roughly 75uL of buffer AE remained in each well. Due to
budgetary constraints, only samples that were suspected to be of felid origin by microscopy
(Hairdatabase.com 2015), those containing five or more hairs, or samples of less than five hairs
with entire follicles were extracted.

Species identification of collected hair samples was completed using the quantitative
polymerase chain reaction (QPCR). Two new primer pairs were specifically developed for this
study to allow for the reliable gPCR species identification from degraded or fragmented hair
samples that might otherwise fail to be Sanger sequenced, yet still have enough DNA for gPCR
speciation (see Chapter 2). The first primer pair, FelidV was used to determine which samples
were of felid origin, and the second primer pair LynX, only amplifies the mitochondrial DNA
(mtDNA) of the bobcat and Canada lynx (Lynx canadensis). To identify species, a two-step PCR
procedure was used: an initial gPCR with FelidV identified which samples were of felid origin
and then a separate qPCR with primer set LynX was used to determine which felid samples
originated from a bobcat.

Positive and negative controls were run with each qPCR reaction, and were used to
establish a CQ cutoff for a positive result. After multiple runs, it was determined that a control
sample of two bobcat hairs (the minimum considered to be needed to produce a usable sample),
which became the positive cutoff, would reliably have a CQ of roughly 33.5 for the FelidV
primer set and a CQ of roughly 32.5 for the LynX primer set. As such, samples producing a CQ
value greater than these critical thresholds were considered positive for that particular reaction.
Samples producing a positive result for the V primer set, but a negative result for X were
assumed to have originated from domestic cats (Felis catus), since this is the only other felid

species known to inhabit the sampling areas. Canada lynx are not known to inhabit West
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Virginia, so a positive result for gPCR using primer set LynX was recorded as a bobcat
detection. Universal mtDNA controls were not used to verify PCR functionality.

Samples positively determined to have originated from a bobcat were preliminarily
screened with a three-locus multiplex of highly polymorphic microsatellites (FCA008, FCA90,
and FCAT77) (Menotti-Raymond and O’Brien 1995, Menotti-Raymond et al. 1997, 1999). Based
on population genetics research on West Virginia’s bobcat population (Chapter 5) it was
determined that the non-exclusion probability of identity of these three loci was 2.279x10, with
a p-sib of 0.047. The total reaction volume for each multiplex PCR was 10uL and consisted of
5uL of the 2x Qiagen Multiplexing Master Mix (Germantown, MD), 300nmol of each individual
primer, and at least 10ng of DNA template. PCR reaction conditions were as follows: 15-minute
hot-start at 95°C, 45 cycles of 94°C for 30s, 57°C for 90s, and 72°C for 90s, with a final
extension of 72°C for 10 minutes. Amplified DNA fragments were resolved on a Beckman-
Coulter GeXP Genetic Analysis System (AB SCIEX, Washington, D.C.) and fragment sizes
were recorded using the associated GeXP fragment analysis software.

After two initial PCRs, samples failing to produce genotypes for at least two of the three
loci were removed from the project. Additional PCRs were completed on the included samples
such that each allele call needed to be seen in at least two consecutive PCRs before it was
recorded as part of a final genotype for a sample. Some samples were amplified four or more
times in this manner to produce replicates of the same genotypes. The program GENECAP v1-2
(Wilberg and Dreher 2004) was then used to find samples with matching genotypes. These were
then amplified using the additional microsatellite loci of multiplexes A (FCA23, FCA25) and C
(FCA43, 6HDZ700, and FCA45) (Menotti-Raymond and O’Brien 1995, Menotti-Raymond et al.

1997, 1999, Williamson et al. 2002). Once a combination of loci had been amplified for each
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sample pair where p-sib < 103, samples found to still be matching at all loci were then
considered to be recaptures. Samples failing to provide a complete match, or a mismatch greater

than one allele, were considered to have been derived from separate individuals.

Minimum Known Alive

Relative minimum densities were calculated for each ecological region based on the raw
number of bobcat genotypes detected in each location, which is known as the minimum known
alive (MKA). MKA is a calculation based on the number of unique animals captured on the
landscape during the survey, and is useful for direct comparisons between sampled locations. It
is not a measurement of the true population abundance or density, since it is much lower than
what is actually expected to be on the landscape. The relative minimum densities were calculated
by dividing the number of unique bobcat detections in a particular ecological region by the total
area surveyed in that same region. This same procedure was then completed for the number of
detections when taking into account the mean detection probability of each survey grid, as

calculated in Chapter 3.

Royle-Nichols Model

The program PRESENCE v.12.6 (Hines 2006) was used to fit a Royle-Nichols model
based on the collected bobcat presence-absence data. However, the entire dataset was not used in
order to reduce the amount of error in model construction. Since final abundance estimates are
contingent on capture probabilities of each individual staying the same over time, the nine sites
that were sampled in both 2015 and 2016 were removed, leaving a total of 51 survey grids in the

remaining dataset. Due to the previous occupancy modeling work completed (Dissertation
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Chapter 3), the best models for detection (p) and occupancy (y) for the 2015 and the 2015 —
2016 datasets, both important parameters for the Royle-Nichols model, were already known
(Tables 8, 10, 12). However, since this dataset is not entirely the same as the others, both the best
2015 and the 2015 — 2016 models were run to determine which model had the most support. The
best model was then selected based on AAIC = 0. PRESENCE was then used to run a goodness
of fit test on the selected model with a null hypothesis that the model adequately fit the data (o =

0.05).
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Table 12 — Covariates used to model probability of detection (p) and occupancy probability () in bobcats of West
Virginia. The predictor type is the parameter estimates for which that covariate was used. The expected result is the
direction of the correlative relationship between each coavariate and bobcat p, v, or both. Hypotheses associated

with conclusions reached from other studies are marked with a superscript.

: - Predictor Expected
Covariate Description P
Type Result
DST_MR Linear distance (m) to nearest minor paved road. p, ¥ +1.2
Linear distance (m) to nearest interstate highway. These roads are travelled
DST_PR by large volumes of traffic in certain areas but also pass through otherwise p, w +12
remote locations.
DST_SR Linear distance (m) to nearest secondary road, such as state routes. p, ¥ +1.2
DST UC Linear distance (m) to nearest urban cluster, or locations with populations 42
- >2,500, as defined by the U.S. Census Bureau for 2015. P,y
ELEV Elevation (m) of hair snare cubby location. W +
PER AF The percentage of landscape that is covered with any type of forest within 4123
- a radius of 2,500m of the cubby hair snare location. 1
Buffer calculated percentage of high intensity human development. This
PER_HIDEV class is reserved specifically for urban centers or areas of intense human W 24,6
usage.
Road density (km/km?) of roads as calculated around pixel-meter (30 x 30)
ROAD_DEN raster cell at a radius of 2,500m from the U.S. Census Bureau 2015 TIGER ~ p, 2.6
roads dataset.
A categorical variable with 5 classes that correspond to the 4-week period,
SESSION during which, each location was sampled. More information on the session )
dates can be found in dissertation chapter 2. Session 1 was encoded as zero P
to be compared with 2, 3, 4, and 5.
YEAR A categorical variable of whether a particular site was sampled in 2015 (0) D 0

or 2016 (1).

IClare et al. (2015), 2Lesmeister et al. (2015), 3Erb et al. (2012), *Wang et al. (2015)
5 McCord (1974), Litvaitis et al. (1986), Chamberlain et al. (1999, 2003), Long et al. (2011), Lesmeister et al.
(2015), SLombardi et al. (2017).

Results

Of the 2,014 hair samples collected in 2015, 1,641 were tested via qPCR, and 278

(13.8%) were found to have originated from a bobcat. In 2016, a total of 2,108 hair samples were

collected, 1,301 were tested via gPCR, of which 100 (7.7%) were of bobcat origin. For both
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2015 and 2016, a total of 21,000 trap nights of surveys were completed, since 30 grids of 25 cells
were sampled four weeks each year. For 2015 an average bobcat detection rate of 1.3 bobcats per
100 trap nights was observed and for 2016 it was 0.47 bobcats per 100 trap nights. However,
sites of marginal bobcat habitat were selected and sampled to gather covariates for this dataset,
so the trap efficiency of the bobcat hair snare cubby in ideal bobcat habitat is probably much
higher. Over the course of the two-year study a total of 1,275 unique sites were examined for
bobcat presence or absence, 225 were visited twice, and a total of 378 bobcat detection events
were recorded, for an overall bobcat detection rate of 0.9 detections per 100 trap nights (Figures

9, 10).
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2015 Sampled Grids
for Bobcat Occupancy

| No Bobcat Detected
I Bobcat Detected at Least Once

150 200

e ilometers
Figure 9 - Map of the locations surveyed for bobcats in West Virginia between March — August of 2015. Each 5x5 set of cells was sampled for a total of four weeks, with one
bobcat hair snare cubby being placed in each cell. Cells marked with blue on the map are locations that were sampled but a bobcat was not detected at those locations. Cells
marked in red indicate that at least one bobcat detection was recorded at that site. Background cells in tan were not sampled. The black lines on the map separate West Virginia
into its separate ecological regions (appendix Figure 1).
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2016 Sampled Grids
for Bobcat Occupancy

No Bobcat Detected
- Bobcat Detected at Least Once
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Figure 10 - Map of the locations surveyed for bobcats in West Virginia between March — July of 2016. Each 5x5 set of cells was sampled for a total of four weeks, with one
bobcat hair snare cubby being placed in each cell. Cells marked with blue on the map are locations that were sampled but a bobcat was not detected at those locations. Cells
marked in red indicate that at least one bobcat detection was recorded at that site. Background cells in tan were not sampled. The black lines on the map separate West Virginia
into its separate ecological regions (appendix Figure 1).
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From the 378 samples that originated from bobcats, a total of 230 (60.8%) were
successfully genotyped for at least two of the three loci of the initial sample screening multiplex
(FCAQ08, FCA90, and FCAT7). Only a small number of samples (~3%) appeared to have been
collected from mixed felid species, or multiple bobcat individuals, and were removed from the
study. Duplicate genotypes were found for 18 samples with a p-sib < 0.001, indicating that these
samples were recaptures. Of the 230 samples, 212 bobcats were captured once and 9 bobcats
were captured twice. No bobcat was recaptured at the same site where it was originally captured.
Also, 55.6% of all recaptures occurred during the same sampling week that an individual had
already been captured at a nearby site. Most (55.6%) recaptures occurred a distance of three or
less sampling cells from the original capture location. Due to the insufficient number of spatial
recaptures recorded during different sampling weeks, spatially-explicit capture-recapture models
could not be run on the dataset. Instead, comparisons of relative abundance and density between
sampled sites were made using Minimum Known Alive (MKA), since individual identification

information for each bobcat was available.

Minimum Known Alive

Of the 221 bobcat individuals identified during this hair snare survey, the distribution of
individuals between sampling sites was not even. Eight sites did not produce any successful
bobcat genotypes, and in contrast, 21 individual bobcats were captured during the 4-week 2015
study of Braxton County in ecoregion 4, with no recaptures (appendix Table 1). The minimum
bobcat density of this study site, post-harvest, was calculated as 8.40 individuals / 100km?. If
different animals did not have overlapping home ranges, the average home range at this site was

estimated at 11.90km? per bobcat, roughly 59.5% of the predicted 20km? average bobcat home
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range size. However, the density calculated for this site is the minimum value, and does not take
into account the imperfect detection of the hair snare cubby. Using the 4-week average detection
probability for this particular site (Dissertation Chapter 3) of 0.567 £ 0.066, the minimum
density, when adjusted for detection probability is estimated at 15.18 + 1.001 individuals /
100km?. To accommodate this many individuals within the 250km? study grid, the average non-
overlapping home range size would have to be reduced to roughly 6.75km?, or only 33.8% of the
predicted 20km?. While this site had the greatest minimum density, it was not the only one with a
fairly large calculated minimum density. At the 2015 site in Boone County of ecoregion 3, a
minimum of 16 unique individuals (6.4 bobcats / 100km?) was detected, with no recaptures.
Surprisingly, this site was revisited in 2016, and only two unique individuals were detected (with
one recapture). Neither of these 2016 captured samples had genotype profiles matching the 16
individual animals identified at this location in 2015.

When examined ecoregionally, the estimated minimum density ranged from 1.09 — 2.76
bobcat individuals / 100km? (Table 13). However, these estimates did not take into account the
imperfect detection of the hair snare cubby. Using the 4-week average capture probability of a
bobcat (Dissertation Chapter 3) as calculated for the combined 2015 — 2016 dataset and each
ecoregion as a correction factor, the estimated minimum density ranged from 2.87 £ 0.072 — 6.90
+ 0.108 individuals / 100km?, with the greatest minimum density being located in ecoregion 4, or

north-central West Virginia (Table 13).
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Table 13 — The number of sites sampled, number of bobcat detections, number of unique individuals sampled,
minimum bobcat density, mean ecoregion (appendix Figure 1) detection probability and minimum bobcat density
averaged across each ecoregion when taking detection probability into account for bobcat hair samples collected in
West Virginia between 2015 — 2016. Minimum Known Alive (MKA) is not a measurement of actual census
population size or density.

Ecological Region 1 2 3 4 5 6
Sites Sampled (250km?) 10 11 12 9 10 8
Bobcat Detections 63 64 62 98 50 41
Minimum Known Alive (MKA) 34 30 36 62 28 22
MKA bobcats / 100km? 1.36 1.09 1.20 2.76 1.12 1.10
Mean Ecoregional Detection 0.420 + 0379+ 0374+ 0403+ 0376+ 0365+
Probability 0.066 0.066 0.065 0.039 0.034 0.034

MKA bobcats / 100km? Accounting 3.24 + 2.87 % 324+ 690+ 295+ 3.06 =
for Detection Probability 0.090 0.072 0.078 0.108 0.038 0.037

Royle-Nichols Model

The Royle-Nichols model for the 2015 — 2016 dataset was determined to be superior to
the 2015 model alone (Table 14). The average value of A was calculated to be 1.84 + 0.60, and it
ranged from 1.17 — 3.85. This parameter is the abundance of each study cell (10km?), averaged
across all sites. The combined average estimated abundance was 2,341.55 + 634.42 bobcats, with
a range of 1,491.80 — 4,908.45 and an average 95% confidence interval of 1,289.68 — 4,251.34.
The null hypothesis of the goodness of fit test of PRESENCE was not rejected (p = 0.37) since
the model adequately fit the data. The total sampled area, which included both purported
excellent and mediocre bobcat habitat, was 12,750km?. West Virginia has roughly 59,500km? of
bobcat habitat (personal communication, Rich Rogers, WVDNR), so extrapolating this estimate

out over areas that were not sampled, the estimated bobcat population size for the entire state
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was 10,926.51 + 2,960.43, with a 95% confidence interval of 6,018.11 — 19,838.26. Population
estimates for each ecological region were calculated using the amount of bobcat habitat available
in each ecological region as a proportion of the total RN estimated abundance. The population
estimates for each ecological region were: 1) 1,611.52 + 436.62, 2) 1,835.07 + 497.20, 3)
3,067.97 £ 831.24, 4) 1,575.37 + 426.83, 5) 1,502.59 + 407.11, 6) 1,335.16 + 361.75.

The covariates of DST_PR (distance to primary road), ELEV (elevation), and PER_AF
(percent all types of forest) were found to be significant for A (parameter estimates did not cross
0) and YEAR and S1 — S5 were significant for estimating detection (Table 15). Bobcat
abundance (1) was positively correlated to the distance from primary roads (DST_PR), elevation
(ELEV), and negatively correlated with the total percentage of all forest types (PER_AF).
Bobcat detection was negatively associated with the 2016 dataset, indicating a significant drop in
detection between years. Also, detection was negatively associated with all session variables
except for S2. Finally, detection was positively correlated to the distance to minor roads with

detections increasing at greater distances from minor roads.
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Table 14 — Selected models for abundance (1) and detection probability (p) using the 2015-16 and just 2015 West
Virginia bobcat presence-absence dataset. -2 Ln L is 2 times the negative log likelihood of that particular model.
AAIC = Akaike’s Information Criterion. or is the model weight ratio, recalculated for these selected models. K* is
the number of parameters (Table 12) included in the model. This number is greater than the number of parameters
listed under model because SESSION has to be coded as four separate variables (SESSION 1 was reference and
absorbed into the intercept and SESSIONS 2, 3, 4, and 5 were included) in RPRESENCE.

Year Model 2LnL AAIC ®" K*

2015-2016 p~DST_MR + YEAR + SESSION, 2493.82 0.00 1.00 13

) ~DST_PR + ROAD_DEN +ELEV +
PER_AF

p~DST SR +DST MR +DST_UC +
2015 SESSION, 254051  49.69 000 14

) ~DST_UC + PER_HIDEV +
ROAD _DEN +ELEV + PER_AF

Table 15 — g values (with standard errors) for the BEST model from the 2015 — 2016 combined dataset for
probability of detection (p) and occupancy () of the West Virginia bobcat presence-absence and the included
covariates (Table 12). This model was then used to model abundance in a Royle-Nichols framework using the

program PRESENCE. Values in bold indicate that the parameter estimate, when combined with the standard error,
did not cross zero, and is a significant predictor.

Model p A
DST_PR - 0.086 + 0.063
ROAD_DEN i 0.008 + 0.074
ELEV - 0.173 + 0.066
§ PER_AF - -0.128 + 0.057
g DST_MR 0.109 + 0.059
§ YEAR -0.964 +0.142 i
© s1 -2.693 + 0.354 -
S2 0.376 + 0.175 -
S3 -0.376 + 0.183 -
S4 -0.467 + 0.194 -
S5 -0.636 + 0.204 -
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Discussion

While a sufficient number of recaptures were not collected, precluding the use of SECR
to calculate density, population estimates were still calculated using other methods. From the
starting dataset of 378 bobcat detections and 221 uniquely genotyped bobcats, MKA was used to
develop relative minimum densities for comparisons of relative abundance between ecoregions
and the Royle-Nichols model was used to estimate the actual census size, which was 10,926.51 +
2,960.43, with a 95% confidence interval of 6,018.11 — 19,838.26. However, the Royle-Nichols
model may be slightly overestimating abundance, due to the decreased detection probabilities in
some locations of West Virginia where bobcat occupancy is sparse.

The overall genotyping success rate of this study (60.8%) is comparable to the 56%
success rate of the only other recent non-invasive study of bobcats using hair snares (Stricker et
al. 2012). The success rate of amplifying genotypes from scat samples at 4 microsatellite loci
was also similar at 41% (Morin et al. 2018). While this study had greater genotyping success, it
is probably due to the use of a smaller number of microsatellites. The three microsatellite loci
used in this project to first screen all samples were highly polymorphic so these genotype
profiles had ample power to screen between individuals without introducing the potential error
from null alleles and allelic dropout at each additional locus. As compared to these other studies
where capture-recapture was used for final population estimation, this study used raw data. A
consequence of this is that the missing samples, either from imperfect detection, or those lost in
genotyping, impacted the final outcome of the population estimates. The numbers herein are
used as minimum values, and the actual census densities are expected to be relatively larger. The

MKA values for density should be used as the minimum bound for any census estimates.
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Of the six ecological regions of West Virginia, ecoregion 4, or north-central West
Virginia had both the highest number of bobcat detections and the greatest estimated minimum
bobcat density. While this relationship may have been driven partially by the comparatively large
number of detections at the Braxton County site in 2015, the overall numbers for this ecological
region are roughly twice that of any other ecological region. Plus, nearly all ecological regions
except for 4 had similar numbers of detections. While ecoregion 4 is mostly forested, it has more
agricultural disturbance than locations like the Monongahela National Forest (ecoregion 2). This
landscape disturbance is thought to increase the local prey diversity and abundance, which in
turn, allows for greater bobcat densities, as opposed to monotypic habitats being specifically
selected by bobcats (McCord 1974, Litvaitis et al. 1986, Chamberlain et al. 1999, 2003, Long et
al. 2011, Lesmeister et al. 2015). Ecoregion 4 has conditions that appear optimal for bobcat
population growth: contiguous forest for cover interspersed with areas of early successional
habitat and enhanced hunting opportunity. The location with the second greatest minimum
number of animals was located in Boone County in ecoregion 3. However, this particular site
was located on and adjacent to former mining lands that are in the process of reclamation. These
early successional habitats interspersed by mature woodlands again appear to be a factor in the
increased bobcat density at this location as compared to the rest of ecoregion 3.

Once accounting for error due to imperfect detection, the average minimum densities, as
calculated for each ecoregion, are similar to actual densities that were found in other localities
using capture-recapture techniques. This indicates that the actual census size of the West
Virginia bobcat population is likely much greater than these locations. In the Upper Peninsula of
Michigan, the bobcat density was calculated at 3.0 / 100km? (Stricker et al. 2012), in central

Wisconsin it was averaged at 2.53 / 100km? (Clare et al. 2015), and most recently in neighboring

119



Virginia, density estimates ranged from 6.65 — 25.84 / 100km?, with a mean of 12.5 individuals /
100km? (Morin et al. 2018). These density estimates are similar to what was calculated for
individual sites, both before and after accounting for the detection probabilities. The interpolated
output of the Royle-Nichols model estimated the census size of West Virginia’s bobcat
population at 10,926.51 individuals. If these bobcats were distributed evenly across the suspected
59,500km? of bobcat habitat the average density would be 18.36 bobcats / 100km?, with each
bobcat having a roughly 5.44km? home range, which is much smaller than expected. However,
yearling and juvenile individuals are expected to have smaller home ranges than adults and they
were found to comprise roughly 50% of the overall population (Landry 2017). If these yearlings
and juveniles, on average, have home range sizes that are between 35 — 50% of an adult, the
average adult female home range size is predicted to be roughly 8 — 10km?. The lack of spatial
recaptures in this study may also be a result of the fact that most bobcats were only ever exposed
to a single sampling device located in their home range. If this is true, then the average adult
home range size is more likely to be 10km?, as opposed to the 20km? for females assumed at the
beginning of this study.

The census value estimated by the Royle-Nichols model likely has a slight upwards bias,
due to the reduced secondary capture rate for a bobcat after it had already been sampled once,
which is a violation of an assumption of the model. The overall impact of violating this
assumption is unknown and the model will have to be validated empirically by future research.
However, the use of 1,275 individual 10km? sites in constructing this model will reduce the
impact of this potential bias.

While average density values may be useful for management, the results of this study

show that density values vary tremendously between different locations and habitat types. Also,
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the number of bobcats on the landscape appeared to change significantly between the 2015 and
2016 field seasons. This trend was not limited to bobcats, either, as the number of black bear
(Ursus americanus) disturbance events recorded at hair snare cubbies in 2016 was roughly 10%
of that in 2015. This reduction of the bobcat population in 2016 is likely the result of reduced
juvenile survival, which was observed by Landry (2017) when analyzing the 2015 — 2016 bobcat
harvest data.

The relatively low recapture rate of 4% for this study is disconcerting since it limits the
usefulness of the bobcat hair snare cubby in SECR analyses. However, it is also possible that this
low number of recaptures is reflective of an overall high density of bobcats on the landscape
since the cubby avoidance rate is unknown. Hair snare studies of bobcats commonly have low
capture and recapture rates (Long et al. 2007, Ruell and Crooks 2007, Comer et al. 2011, Stricker
et al. 2012). The sites that were sampled twice (REDOs) demonstrated the prevalence of bobcat
“trap shyness” to the cubbies after the initial sampling event. Sites like the Boone County
location, from which 16 unique individuals were detected in 2015, and only two in 2016, provide
compelling evidence that bobcats actively avoid being resampled, even when they are known to
be present. The sites that were redone, in general, only recorded a small fraction of the samples
as compared to their original sampling (appendix Table 1). The failure to achieve sufficient
recaptures, however, does not mean that this method is not worthwhile. In maintain the interest
of bobcats that have already been sampled, different scent baits should be used between the
sampling weeks. Additionally, the use of new visual attractants could make individuals curious
enough to reenter the sampling device. With some modification, the bobcat hair snare cubby
should become an increasingly valuable asset for collecting samples specifically for use in

population estimation.
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As estimated by the Royle-Nichols model the actual population size of West Virginia
bobcats was 10,926.51 + 2,960.43, with a 95% confidence interval of 6,018.11 — 19,838.26.
Using a conservative interpretation of Crowe’s (1975) model for exploited bobcat populations
and data from Fox and Fox (1982), a yearly surplus of 1.26 bobcats per individual (21%) is
produced in West Virginia. As long as the harvest remains below this level, the bobcat
population will grow or, at minimum, remain stable. During the 2014 — 2015, and the 2015 —
2016 hunting and trapping seasons in West Virginia, 1,898 bobcats and 1,346 bobcats,
respectively were harvested. In order to remain below the target 21% harvest threshold, the
population size needed to be at least 9,038 individuals to sustain a harvest of 1,898 and 6,410 to
sustain a harvest of 1,346 individuals.

If the Royle-Nichols estimate of the population size is correct, then the current population
is of sufficient size to sustain harvests as occurred in the 2014 — 2015 hunting and trapping
season. However, when taking into account the standard error of the Royle-Nichols population
estimate, it is possible that the population size is as low as roughly 7,966.08 animals. A harvest
of 1,898 individuals is roughly 23% of the total population and may lead to a decline using the
conservative 21% yearly surplus. If the true population size is at the lower end of this range, then
harvests should be limited to roughly 1,700 individuals per season to maintain a growing or
stable population. Additional study in the form of bobcat trapping and radio-collaring should
help to reduce the error range of the current population estimate. In regard to the efficacy of the
current management strategy for bobcats in West Virginia, an independent analysis using the
Crowe model and habitat covariates estimated the bobcat population size to be roughly 7,500 —
10,000 (personal communication: Rich Rogers, WVDNR). The population estimates produced

by this study provided evidence that the Crowe model is a useful predictive tool for the West

122



Virginia bobcat population; however, it should be updated with the new demographic data as

calculated by Landry (2017).

Management Implications

The bobcat hair snare cubby is a successful device for collecting hair samples from
bobcats with adequate quality for individual identification. However, the overall recapture rate of
the cubby was considered lower than expected and steps should be taken to change the scent and
visual attractants used between sampling weeks. The Royle-Nichols model generated a
population estimate similar to West Virginia’s currently used bobcat management model. Once
updated with current demographic data, this model should be sufficient to ensure sustainable
bobcat management in West Virginia. Until an empirical evaluation of the population estimate
produced by this study can be undertaken, an increase in bobcat harvest is inadvisable and a
yearly harvest limit of, on average, 1,700 individuals should result in a stable or growing bobcat
population.

Another significant finding of this study is that bobcats are not evenly distributed across
the landscape. Densities were greatest in ecoregion 4, or north-central West Virginia. Bobcats
were also found to be clumped in locations of assumed greater prey densities, even in ecoregions
with overall lower bobcat abundances. The density of bobcats in these locations makes the
previously estimated average home range size of 20km? appear incorrect. The average adult
bobcat home range size, at least for females, appears to be closer to 10km?.

Finally, some of the most highly productive locations for bobcats could support higher
harvest rates than a blanket statewide approach to management; however, differing harvest rates

throughout the state may create logistical complications.
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Chapter 5 - Population Genetics of West Virginia’s Bobcats

Abstract

Knowledge of population structure, effective population size (Ne), and occurrence of a
recent genetic bottleneck can be useful when designing management strategies for wildlife.
However, these basic genetic data are often unavailable, even for species that are regularly
harvested. In West Virginia, spleen samples were collected from 304 bobcat (Lynx rufus)
carcasses donated during the 2014 — 2015 hunting and trapping season. These samples were then
examined with nine polymorphic microsatellites for the presence of population structure, to
estimate Ne, and to determine if a recent bottleneck event occurred for each identified
population. A total of 92.1% (n = 280) of bobcat spleens produced microsatellite genotypes at >
5 loci and were included in the final analyses. Three separate methods (STRUCTURE, a PCA,
and TESS) failed to produce any biologically relevant evidence of population structure. Further
analyses were conducted condensing the bobcats of West Virginia as one larger population. The
effective population size (Ne) of West Virginia’s bobcat population was 1,448.7, with a 95%
parametric confidence interval of 535.6 - « and a jackknifed 95% confidence interval across all
loci of 426.8 - «. Both the Sign Test and the Wilcoxon one-tailed test for heterozygote
deficiency supported a recent, statistically significant population bottleneck in West Virginia’s
bobcats. Due to the lack of genetic population structure, bobcats in West Virginia may continue

to be managed as one, large population.
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Introduction

Genetic diversity is important to long-term viability of wildlife populations since it
provides a mechanism to continually evolve in a constantly changing environment (Lacy 1997).
Lack of sufficient genetic diversity can reduce the overall fitness of a population by increasing
susceptibility to disease, causing developmental defects, or leading to deleterious recessive
alleles to accumulate in homozygous form. In small, isolated populations, genetic drift causes
genetic diversity to be lost much more quickly than in larger populations (Allendorf 1986).
While the potential negative impacts that the lack of genetic diversity can have on a wildlife
population have been documented, information on local genetic variation does not exist for many
species that are regularly harvested, such as bobcats (Lynx rufus) in West Virginia. Also, these
animals are thought to have undergone a severe population reduction during the late 1950s and
1960s (personal communication, Rich Rogers, West Virginia Division of Natural Resources),
which may have resulted in a long-lasting genetic impact.

The first nearly range-wide study to sample West Virginia bobcats used a combination of
mitochondrial DNA (mtDNA) haplotyping and genotyping at 15 microsatellite loci to investigate
patterns of genetic differentiation (Reding et al. 2012). At the continental scale of North
America, West Virginia bobcats were classified as most similar to those from the southeastern
United States; however, genetic differentiation between West Virginia and Pennsylvania was
observed. When comparing the eastern and western United States populations, Reding et al.
(2012) found that western bobcats were much more genetically homogenous than those in the
east. This was hypothesized to be a result of the greater anthropogenic habitat impacts in the

eastern United States and that bobcats in the east were much more patchily distributed. Another
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rangewide study also reached the same conclusion when sampling bobcats at the landscape scale
(Croteau et al. 2012).

At the local scale, only Anderson et al. (2015) have studied the genetic variation of West
Virginia bobcats, and only in the context of examining putative populations of origin for the
recovering population of bobcats in Ohio. While the overall sample numbers from different
localities were small, Anderson et al. (2015) found that West Virginia’s bobcats were genetically
distinct from those of eastern Ohio, but similar to samples collected from western Kentucky,
southern Ohio, and western Pennsylvania. When examined together, the southern OH, WV,
western and eastern KY, and western PA group was found to have undergone a genetic
bottleneck event, indicative of their historic population reduction and recent recovery.

Anthropogenic landscape features have also been shown to significantly impact bobcat
gene flow, which may be an issue in West Virginia. Primary highways have been identified as
major barriers to gene flow (Riley et al. 2006, Lee et al. 2012, Ruell et al. 2012, Serieys et al.
2015). A meta-analysis of population genetic studies of many carnivore species found that
fenced highways are a major barrier to wildlife movement (Holderegger and Di Giulio 2010).
However, roads may not always have a significant impact on bobcat gene flow (Millions and
Swanson 2007) and even highways may not be a complete barrier (Holderegger and Di Giulio
2010). In the absence of anthropogenic barriers, genetic differentiation between bobcats sampled
in different locations remains relatively low, as was observed in southern Illinois (Croteau et al.
2010) and the interconnected region between Georgia and Florida (Reid 2006). Unless major
interstate highways or urbanized areas of West Virginia are functioning as significant barriers, it
IS expected that bobcat gene flow across the state will be sufficient to remove any signatures of

population structure.
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To make the most informed conservation or management decisions, delineation of
genetic population structure is important. The identification of groups that are genetically
distinct, even in contiguously distributed species, is needed to ensure that the evolutionary
potential of these species is conserved (Moritz 1994). Knowledge of these separate population
clusters can also allow for the putative identification of areas where gene flow is significantly
reduced. Management or conservation actions can then be proposed to mitigate these barriers and

restore gene flow to the landscape.

Study Objectives

The objectives of this research were to: 1) identify the number of genetically distinct
bobcat populations in West Virginia; 2) use identified genetically distinct population clusters to
investigate anthropogenic or landscape features of West Virginia that may be barriers to gene
flow; 3) calculate basic population genetic parameters for identified populations which may
provide additional information on the biology of the species; 4) estimate effective population
sizes (Ne) for each identified population; 5) determine whether or not there is genetic evidence of

a recent population bottleneck in West Virginia bobcats.

Materials and Methods

Sample Collection

During the 2014 — 2015 hunting and trapping seasons (Nov. — Feb.) the West Virginia
Division of Natural Resources (WVDNR) collected bobcat carcasses donated by successful
hunters and trappers. These carcasses were the source of data for this and other portions (Landry

2017) of the WVDNR bobcat project. A necropsy was completed on each of the 304 donated
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bobcat carcasses and entire bobcat spleens were removed for the population genetic analyses as
well as Carnivore protoparvovirus 1 testing (Chapter 6). Once removed from the carcasses, the

bobcat spleens were stored individually at -20°C until DNA extraction.

DNA Extraction and Standardization

DNA extractions were begun by thawing the spleen samples collected at necropsy and
removing a 10 — 15mg subsample from the interior of the tissue with a razor blade. The same
blade was used for multiple samples, but it was cleaned thoroughly with a laboratory wipe coated
in 95% ethanol after each collection. Subsamples were placed into a 1.5mL microcentrifuge tube
in preparation for use with the ThermoFisher (Pittsburgh, PA) GeneJet Tissue and Cells DNA
Extraction Kit. The manufacturer’s suggested protocol was used for the DNA extraction
procedures, except that samples were only incubated at 56°C for 1.5 hours, and 30uL of 1M
DTT was added to each sample to assist in denaturation of splenic proteins. Once completed, the
DNA extracts were normalized to a 10ng/pL concentration using a ThermoFisher NanoDrop Lite

spectrophotometer.

PCR and Resolution of DNA Fragments

Microsatellite genotype profiles were constructed for each bobcat sample using ten
microsatellite loci: FCA008, FCA23, FCA26, FCA43, FCA45, FCAT77, FCA90 (Menotti-
Raymond and O’Brien 1995, Menotti-Raymond et al. 1997, 1999), 6HDZ057, 6HDZ463, and
6HDZ700 (Williamson et al. 2002). These microsatellite loci were amplified using a series of
three multiplex reactions: A (FCA90, FCA23, and FCA26), B (6HDZ057, 6HDZ463, FCA 008,

and FCA77), and C (FCA43, 6HDZ700, and FCAA45). Total reaction volume for each multiplex
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PCR was 10uL and consisted of S5uL of the 2x Qiagen Multiplexing Master Mix (Germantown,
MD), 330nmol (A, C) or 260nmol (B) of each individual primer, and 20ng of DNA template.
PCR reaction conditions were as follows: 15-minute hot-start at 95°C, 35 cycles of 94°C for 30s,
57°C for 90s, and 72°C for 90s, with a final extension of 72°C for 10 minutes. Amplified DNA
fragments were resolved on a Beckman-Coulter GeXP Genetic Analysis System (AB SCIEX,
Washington, D.C.) and fragment sizes were recorded using the associated GeXP fragment
analysis software. Samples failing to amplify at least 5 microsatellite loci were eliminated from
further analysis to reduce the potential of low-quality samples biasing the results. Genotypes
constructed for each remaining sample were screened with MICRO-CHECKER (Van Oosterhout

et al. 2004) to find and eliminate genotyping errors.

Genetically Distinct Population Identification

Before additional analyses were completed, the first step was to determine the most likely
number of genetically distinct populations in West Virginia. Once this was determined, all
subsequent analyses were applied to each individual population that was discovered. The
program STRUCTURE (Pritchard et al. 2000, Falush et al. 2003, Falush et al. 2007) was used to
investigate the presence of genetic population structure in West Virginia’s bobcats. Ten
iterations of a 10,000 repetition burn-in followed by 100,000 Markov chain Monte Carlo
(MCMC) repeats of the admixture correlated model was completed for each hypothesis for K
(the number of distinct population clusters) from 1 — 10. The output models of STRUCTURE
were then analyzed by STRUCTURE Harvester (Earl and vonHoldt 2012) to determine the most

likely value of K.
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The second method used to elucidate population genetic structure was a principal
components analysis (PCA). GenAlEx v.6.503 (Peakall and Smouse 2012) was used to calculate
a matrix of Nei’s pairwise genetic distance for each individual microsatellite locus and a
combined pairwise genetic distance across all loci. A PCA analysis was then undertaken on these
combined pairwise genetic distances using the standardized-distance PCA method of GenAlEXx.

The third method used to investigate potential genetic population structure was TESS
v2.3 (Chen et al. 2007, Durand et al. 2009), which uses a similar Bayesian clustering algorithm
as STRUCTURE that makes assignments that minimize HWE deviations, but takes into account
the physical landscape location from which each sample was collected when making these
assignments. To calculate geographical assignments of each collected sample, ArcMap v.10.4
(ESRI, Redlands, CA) was used to create centroids of each of the counties from which bobcat
carcasses were donated. Each genotype profile was then associated with the centroid point of the
county of its origin in geographical space. These combined data were then used in TESS v2.3 to
create geographically explicit population models using the admixture correlated model and a
kmax (maximum number of hypothesized populations) of 10. A total of 50 iterations were run
for each hypothesis of kmax and output files were combined using CLUMPP v1.1.2 (Jakobsson
and Rosenberg 2007) to evaluate overall trends in population assignment probabilities for each

sample.

Basic Population Genetic Parameters
The program CERVUS v3.0 (Kalinowski et al. 2007) was used to calculate basic
population genetic parameters for each amplified microsatellite locus, including the unique

number of alleles (k), the observed (Ho) and expected (He) heterozygosity, and whether or not
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the genotype frequencies of each amplified locus were within the expectations of Hardy-
Weinberg Equilibrium (HWE). CERVUS v3.0 calculates significance for HWE testing using a
standard Bonferroni correction, where the value of a is divided by the overall number of tests,
which in this case is the total number of microsatellite loci. Before the Bonferroni correction, the

value of o was selected as 0.05.

Bottleneck Analysis

The program BOTTLENECK (Piry et al. 1999) was used to investigate whether or not
each identified West Virginia bobcat population was subjected to a recent genetic bottleneck
event. This program examines the current levels of heterozygosity observed for each
microsatellite locus (Ho) and compares it to the heterozygosity expected based on the selected
mutation model, combined with the expected value of the mutation-drift equilibrium. For this
analysis, the two-phase mutation model (70% stepwise) was selected since it is thought to be the
most representative for microsatellites. A total of 10,000 iterations were completed for both the

sign test and the Wilcoxon sign rank test, with a = 0.05.

Effective Population Size Analysis

To calculate the effective population size for each identified West Virginia bobcat
population, the program LDNe (Waples and Do 2008) was used. LDNe estimates the effective
population size by first calculating the amount of linkage disequilibrium (LD) by using Burrows’
A and then averaging across all allele combinations and loci. Thus, LDNe provides an effective
way to estimate the average population size from microsatellite data without additional required

information. For the analyses, only alleles with a frequency > 0.02 were considered, the random
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mating model was used, and both the parametric and jackknife confidence intervals were

calculated.

Results

Of the 304 bobcat carcasses donated by hunters and trappers from the 2014 — 2015
season, 92.1% (n = 280) produced genotypes at >5 loci and were used for the subsequent
analyses. However, microsatellite locus 6HDZ463 failed to amplify for >50% of the remaining
280 samples and was removed from the study to avoid potential bias, dropping the total number
of microsatellite loci analyzed in this study to nine. These constructed genotypes were then
successfully used by the program STRUCTURE to investigate the most likely number of
genetically distinct populations in this dataset. The analysis of the STRUCTURE output files by
STRUCTURE Harvester revealed that the most likely number of populations for this dataset was
K =1, since it had the greatest likelihood, or LnP(K), as compared to the other models (Figure
11), and little variance between iterations. Even though the value of AK was greatest for K = 3,
the putative population assignments of STRUCTURE, when viewed graphically, did not provide
support for this hypothesis. Most individuals were nearly equally assigned to each of the three
suggested populations (Figure 12a). A similar pattern was discovered when examining the
population assignment probabilities for the other tested hypotheses of K, such as K = 2 (Figure
12b). Since the K = 1 hypothesis produced the greatest value of LnP(K), and no evidence of
population differentiation was found in the graphical assignments, K = 1 was determined to be

the most likely hypothesis based on the STRUCTURE output.
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Figure 11 — Graph of AK and log likelihood (LnP(K)) for each value of K (hypothesized number of distinct genetic
clusters) for 280 West Virginia bobcat samples genotyped at nine microsatellite loci. This graph was produced as the
output of STRUCTURE Harvester (Earl and vonHoldt 2012) after analyzing the ten iterations completed for each
value of k from 1 — 10. However, values of K > 5 were not graphed by STRUCTURE Harvester due to their

significantly lower LnP(K) values.

137



1.00

0.z0

0.&0

0.40

0.z20

0.00

1.00

0.0

0.&0

.40

0.20

0.00

Figure 12 (A & B) — Output of the program STRUCTURE (Pritchard et al. 2000, Falush et al. 2003, Falush et al. 2007) when K = 3 (a) and K = 2 (b) for the 280 bobcats of West
Virginia analyzed at nine microsatellite loci. Each bar represents one individual. The height of each color on the bar is the probability of assignment for that individual to that

particular genetic cluster.

138



The PCA completed on the pairwise genetic distance produced three distinct genetic
clusters; however, 85.4% of the total samples (n = 239) were placed into one tight cluster (Figure
13). When the samples comprising the two outlying clusters of the PCA were plotted
geographically, the distribution was found to be random across West Virginia. Thus, the PCA
also failed to provide supporting evidence for K = 3, because these groupings had no biological
support. Analysis of TESS output revealed the most likely hypothesis for K to be K =5, since
this value was located below the inflection point of the plotted curve for the Deviance
Information Criterion (DIC) plot (Figure 14). When examined graphically, population
assignment probabilities were similar to that of STRUCTURE, with most individuals assigned to
one group with a few outliers with multiple, nearly equal assignments (Figure 15). The failure of
TESS to also find any biologically meaningful genetic population structure also supports the
hypothesis that K = 1 for the bobcats of West Virginia. Each of the three methods used on this
dataset failed to find any meaningful population genetic structure, and thus, K = 1, or complete
panmixia, is the best supported hypothesis. All subsequent analyses were completed considering

West Virginia bobcats to be members of a single, large population.
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Figure 13 — Principal Components Analysis (PCA) of Nei’s pairwise genetic distance as calculated as a combined score across nine microsatellite loci from 280 bobcat samples

from West Virginia. This PCA analysis was completed in GenAlEXx v.6.503 (Peakall and Smouse 2012). Axis 1 contained 10.53% of all variation and axis 2 contained 9.11% of all
variation, for a total of 19.64% of variation explained by the combination of these two axes.
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Figure 14 — The Deviance Information Criterion (DIC) for each value of the maximum number of populations (Kmax) as outputted by TESS v2.3 (Chen et al. 2007, Durand et al.

2009) for 280 West Virginia bobcats genotyped at nine microsatellite loci.
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Figure 15 — Graphical output of population assignment probabilities for a second iteration of TESS v2.3 (Chen et al. 2007, Durand et al. 2009) for 280 West Virginia bobcats
genotyped at nine microsatellite loci, when Kmax = 5.
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The allelic richness (A) documented for each microsatellite locus of the single West
Virginia bobcat population ranged from 9 — 15, with a mean of 12.44 (Table 16). Across all
microsatellite loci, Ho ranged between 0.645 — 0.845, with a mean of 0.744, in contrast to He
which ranged between 0.602 — 0.834, with a mean of 0.729. Out of the nine microsatellite loci,
four (FCAQ08, FCA77, 6HDZ057, and 6HDZ700) were found to be out of HWE, after the
Bonferroni correction of CERVUS (o = 0.0056). Three of the four loci had an excess of

heterozygotes, while the other locus had a homozygote excess.

Table 16 — Allelic richness (A), observed heterozygosity (Ho), expected heterozygosity (He), and p-value for test of
Hardy-Weinberg Equilibrium deviation significance (HWEj) for each examined microsatellite locus of a 280 bobcat
dataset collected in West Virginia between 2014 — 2015. HWE, values with an asterisk indicate those that were
found to be significantly out of Hardy-Weinberg Equilibrium by CERVUS v.3.0 after using a Bonferroni correction
(o= 0.0056).

Locus A Ho He HWE,
FCA90 9 0.845 0.834 0.0742
FCA23 10 0.716 0.772 0.2758
FCA26 13 0.645 0.680 0.3649
6HDZ057 11 0.702 0.602 2.683x101*
FCAO008 15 0.849 0.790 0.0011*
FCAT7 15 0.706 0.814 1.194x10™*
FCA43 15 0.736 0.672 0.0148
6HDZ700 11 0.736 0.674 1.569x10™*
FCA45 13 0.777 0.725 0.1519

As calculated by LDNe using a lowest allele frequency of 0.02, the effective population
size (Ne) of West Virginia’s bobcat population was 1,448.7, with a 95% parametric confidence
interval of 535.6 - oo, and a jackknifed 95% confidence interval across all loci of 426.8 - co. Both
the Sign Test (p = 0.0277) and the Wilcoxon one-tailed test for heterozygote deficiency (p =
0.0098) of BOTTLENECK produced evidence of a recent, statistically significant (o = 0.05)
population bottleneck in West Virginia’s bobcats. Seven of the nine microsatellite loci examined

had a heterozygote deficiency, as compared to the expected heterozygosity estimated by the two-
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phase model and the predicted mutation-drift equilibrium. This contemporary reduction in
heterozygosity was attributed to a rapid reduction in the effective population size that occurred in

recent history.

Discussion

As a whole, the bobcat population of West Virginia appears to be fairly genetically
diverse, based on the microsatellite loci examined in this study. With an average of 12.44 alleles
per locus and a mean Ho of 0.744, these values are similar to what was documented by Millions
and Swanson (2007) in bobcats of Michigan, and Anderson et al. (2015) in the regional study of
Ohio, Kentucky, Pennsylvania, and West Virginia. The analyses of STRUCTURE, the PCA, and
TESS failed to find any significant population genetic structure in West Virginia. The lack of
detectable population structure indicates that gene flow is occurring at the statewide scale. While
the scale of West Virginia may be large, genetic panmixia in bobcats has been documented
across a much larger region, including most of the western United States (Croteau et al. 2012,
Reding et al. 2012). Unlike what was found in California (Riley et al. 2006, Lee et al. 2012,
Ruell et al. 2012, Serieys et al. 2015), the major interstate highways of West Virginia do not
appear to be a significant barrier to bobcat gene flow. The same conclusion was also documented
in Michigan (Millions and Swanson 2007).

An unexpected result of this study was the finding that of the nine microsatellite loci
examined, four significantly deviated from what was expected by HWE. Of the four loci out of
HWE, three were due to a heterozygote excess (6HDZ057, FCA77, and 6HDZ700), while
FCAT7 was out of HWE due to a heterozygote deficiency. Heterozygote excess may be a result

of the significant population bottleneck that was also identified by the program BOTTLENECK.
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When Ne for a population is reduced by a bottleneck event, an artificial heterozygote excess is
often created because rare alleles become lost faster than overall heterozygosity (Luikart and
Cornuet 1998). Rarer alleles only have a small impact on heterozygosity and allelic richness can
be greatly reduced without significantly impacting heterozygosity (Allendorf 1986). Thus, the
apparent heterozygote excess may be an artifact of the historic pre-bottleneck population, instead
of an actual overabundance of heterozygotes. This heterozygote excess is likely an additive
factor causing three of the tested loci to be out of HWE, but it is not the only probable cause.
Both male and female juvenile bobcats disperse; however, males usually disperse over greater
distances (Janecka et al. 2007, Croteau et al. 2010), creating a sex-biased dispersal that has been
found to disrupt expected values of heterozygosity and may lead to deviation from HWE (Tucker
et al. 2017). Also, bobcats have overlapping generations, a violation of HWE assumptions, which
can also cause significant deviations between predicted and observed genotype frequencies
(Waples 2015).

While the complete range for the 95% confidence interval of Ne could not be calculated
for West Virginia’s bobcat population, the lowest possible value of any range was an Ne of
426.8. The failure to establish an upper boundary for the 95% confidence interval by LDNe is
usually a result of analyzing a subset of individuals from a census population that is also quite
large (Gilbert and Whitlock 2015). Even the minimum possible value is robust enough that,
should panmixia continue, the bobcat population of West Virginia meets the recommendations of
the 50/500 rule introduced by Franklin (1980), where a minimum Ne of roughly 500 is required
for a population to maintain its evolutionary potential. However, recent developments in the field
of population genetics have brought the validity of the 50/500 rule into question, and Frankham

et al. (2014) suggested the minimum Ne needed to maintain the evolutionary potential of a
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population was Ne > 1,000. As the bobcat populations of Ohio and Maryland continue to recover,
and bobcat populations increase in other nearby states (Roberts and Crimmins 2010), gene flow
entering West Virginia from these outside areas is expected to increase Ne. However, this will
only occur if the current level of landscape connectivity is maintained to ensure bobcats can
move from one locality to another without resistance caused by anthropogenic disturbances.

The detection of genetic evidence for the occurrence of a recent bottleneck in the West
Virginia bobcat population is consistent with expectations based on historic harvest records.
Bounties were paid by the West Virginia Division of Natural Resources to successful bobcat
hunters and trappers until the program was ended in 1961 (personal communication: Rich
Rogers, WVDNR). In the roughly seven years leading up to the removal of the bounty program,
a total of 10 bobcats harvested in the state were sold to fur buyers every year, down from the
average of 400 per year three decades earlier. After the establishment of a four month trapping
season, bobcat numbers have rebounded significantly since the 1970s; however, West Virginia’s

bobcats still bear genetic evidence of this historic bottleneck.

Management Implications

This research failed to find evidence of genetic population structure in the bobcats of
West Virginia. Thus, statewide gene flow, or panmixia is thought to be occurring across the
landscape. Potential barriers, such as interstate highways, or major rivers are not having a
noticeable impact on bobcat gene flow statewide. Due to the lack of genetic structuring, the
bobcats of West Virginia may continue to be managed as a single, contiguously distributed
population. Also, the effective population size was found to be sufficient to conserve the

evolutionary potential of the population against genetic drift, as long as current levels of
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connectivity are maintained. While West Virginia’s bobcats were found to possess the genetic
signatures of a recent bottleneck event, their allelic richness and levels of observed
heterozygosity remain similar to populations in adjacent locations. To best conserve genetic
diversity, management actions should aim to at least maintain or assure no loss of connectivity

for this species across the regional landscape.
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Chapter 6 - Prevalence and Molecular Characterization of Feline
Panleukopenia Virus (FPV) and Canine Parvovirus (CPV) in Bobcats of West

Virginia?

Abstract

Feline Panleukopenia Virus (FPV) and Canine Parvovirus (CPV), common pathogens of
domestic cats (Felis catus) and domestic dogs (Canis familiaris), have been documented
worldwide in numerous wildlife species. Data are lacking on local prevalence rates, as well as
the potential impact these pathogens may be having on the bobcat (Lynx rufus). Spleen samples
were collected from a total of 528 bobcats harvested in West Virginia during the 2014 — 2015
and 2015 — 2016 hunting and trapping seasons. PCR followed by DNA sequencing was used to
determine which bobcats were infected with FPV or CPV at the time of harvest, as well as the
viral type infecting each animal. Of the tested bobcats, 17.6%, were found to be infected, of
which 85.4% were infected with CPV-2 / CPV-2a, 11.5% were infected with CPV-2Db, and 3.1%
were infected with FPV. A total of 96 sequences were analyzed since three bobcats were found
to be simultaneously co-infected with two different viral types. A median-joining network
revealed that the 96 collected DNA sequences consisted of 18 unique viral haplotypes. A spatial
analysis identified a statistically significant hotspot of CPV / FPV infection in northwestern West

Virginia, which was not found to be associated with an increased human population density.

2 This chapter was co-authored with Stephanie Landry while she was working on her M.S. degree at West Virginia
University.
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Introduction

Feline panleukopenia virus (FPV) is a parvovirus with single-stranded DNA that belongs
to the genus Parvovirus and has been recognized since the 1920s (Siegl et al. 1985, Horiuchi et
al. 1996). Certain strands have displayed high rates of nucleotide change, allowing them to
rapidly replicate and create new host variants (Decaro et al. 2008, Allison et al. 2013). Canine
parvovirus (CPV) was discovered in the late 1970s (Decaro et al. 2010, Allison et al. 2013,
Clegg et al. 2012) and is one of the best examples of viral emergence leading to an epidemic in a
new host. It is a type of feline parvovirus that has been replicated in vivo in cats where it became
a host variant after a cross-species transfer from the Feline Panleukopenia Virus (FPV) in felids
to canids (Decaro et al. 2010, Allison et al. 2013, Stuetzer and Hartmann 2014). Canine
Parvovirus was initially identified to have only one variation of the virus—CPV-2. Since its
initial discovery in the 1970s, it now contains three different antigenic types of Parvoviruses:
CPV-2a, CPV-2b (Schunck et al. 1995), and most recently CPV-2c that was detected in Italy in
2000 and is now found worldwide (Decaro et al. 2010). Since the 2000s, newer variants of CPV
have adapted to infect feline species as well (Wasieri et al. 2009) and can co-infect an individual
feline simultaneously with FPV (Decaro et al. 2008, Battilani et al. 2011, 2013). Recent
taxonomic research has resulted in the reclassification of CPV and FPV into Carnivore
protoparvovirus 1 (Cotmore et al. 2014), which includes Mink Enteritis Virus (MEV), and
Raccoon Parvovirus (RaPV).

Both FPV and CPV cause acute disease in all members of Felidae (Demeter et al. 2010,
Kruse et al. 2010, Foley et al. 2013). FPV infection can result in severe gastroenteritis (swelling
and inflammation of the small intestines, anorexia, fever, pyrexia, diarrhea, vomiting,

leukopenia, lymphopenia, lethargy, and weakness—with symptoms beginning one to four days
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post-infection and lasting up to two weeks (Berthier et al. 2000). The combination of these
symptoms often leads to death of an infected animal—especially in kittens and juveniles (Kruse
et al. 2010, Horiuchi et al. 1996, Schunck et al. 1995). Infected individuals shed viral particles
into the environment in feces, nasal and ocular discharges, urine, saliva, and vomit for up to 22
days post-infection (Csiza et al. 1971). These viruses may remain highly infectious in the
environment for up to a year (Waseiri et al. 2009, Foley et al. 2013). The viruses are typically
transmitted through fecal ingestion (Schunck et al. 1995) or contact with contaminated
individuals or objects (Wasieri et al. 2009). Parvoviruses may even move between hosts during
predation or scavenging interactions between domestic and wild carnivores, such as bobcats
(Allison et al. 2013).

Infections of FPV are common in domestic cats, often occurring in kittens at the time of
weaning or under 6 months of age (Wasieri et al. 2009, Stuetzer and Hartmann 2014). Kittens,
especially when stressed or co-infected with other pathogens, are subject to high mortality rates
between 25 — 90% in acute cases (Wasieri et al. 2009, Kruse et al. 2010). Feral cats (Felis catus)
are carriers and common transmitters of FPV to non-domestic felid populations in heavily
populated areas (Wasieri et al. 2009), such as mountain lions (Puma concolor) in California
(Foley et al. 2013). Increased human densities may incidentally facilitate disease transmission to
wild felids with the increasing overlap of non-domestic and domestic felid territories (Foley et al.
2013, Wasieri et al. 2009).

Among wildlife managers there is concern that the expansion of FPV and CPV
(Carnivore protoparvovirus 1) poses a threat to numerous wildlife species. However, the
prevalence of the virus and the impact to non-domestic populations are unknown and rarely

investigated. Many scientists have encouraged an increase in host sampling to gather more

153



information about how Carnivore protoparvovirus 1 is evolving and spreading (Allison et al.
2013). The West Virginia Division of Natural Resources (WVDNR) is concerned that Carnivore
protoparvovirus 1 in West Virginia is spreading from domestic felids to wild bobcats. To begin
evaluating the potential impact that these viruses are having on bobcat ecology in West Virginia,
we tested samples from harvested animals to complete the following objectives: 1) investigate
bobcat spleen samples for presence of parvovirus DNA and determine overall statewide
prevalence rate; 2) determine type of parvovirus infecting each bobcat found to be positive; 3)
determine if prevalence of bobcats with parvovirus infections is greater than would be expected
by random chance in more urbanized counties of West Virginia; 4) investigate presence of
potential geographical patterns in different types of parvoviruses found in West Virginia’s

bobcats.

Materials and Methods

Sample Collection

During the 2014-2015 and the 2015-2016 hunting and trapping seasons (November —
February) the WVDNR collected voluntarily-donated bobcat carcasses from successful hunters
and trappers. At the time of collection, the county from which the animal was harvested was
recorded for further analyses. A total of 303 carcasses were collected during the 2014—2015
season and 225 were collected during the 2015—2016 season. A necropsy was completed on
each bobcat carcass and entire spleens were removed for DNA analyses. Both bobcat carcasses

and collected spleens were stored at -20°C between procedures.

154



Parvovirus Detection

Of the most common laboratory diagnostic tests for parvovirus infection, the polymerase
chain reaction (PCR) was found by to be the most sensitive techniqgue—as compared to the
traditional methods of hemagglutination, immunochromatography, and virus isolation techniques
(Desario and Decaro 2005). Traditional PCR of viral DNA was found to detect as little as 103
Plaque Forming Units (PFU)/mL in fecal samples (Schunck et al. 1995). PCR has been
successfully used to detect viral DNA in the gastrointestinal tract, spleen, liver, lungs, heart,
bone marrow, mesenteric lymph node, tongue, or feces (Meurs et al. 2000, Haynes and Holloway
2012, Allison et al. 2013). Though PCR is the preferred method for identifying positively
infected individuals, it only detects the presence of a current infection. It cannot detect if the
individual was previously infected, nor can it accurately quantify the amount of infectious
particles without substantial experimental efforts.

From each spleen sample collected during necropsy, a 10 — 15 mg subsample was
removed and placed into a 1.5mL microcentrifuge tube. DNA extractions were completed using
the ThermoFisher (Pittsburgh, PA) Genelet Tissue and Cells DNA Extraction Kit. The
manufacturer’s suggested protocol was utilized throughout the extraction procedures, except for
the exclusion of the 3-hour incubation. The only other modification was that 30uL of 1M DTT
was also added to the recommended reagents to assist in the denaturation of splenic proteins.
Once completed, the DNA extracts were normalized to a 10ng/puL concentration using a
ThermoFisher NanoDrop Lite spectrophotometer. To quickly screen out samples that were
negative for parvovirus DNA, the VP1 and VP2 primer pair (Schunck et al. 1995) was used in an

attempt to amplify parvovirus DNA from each spleen extract. This primer set was purposefully
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selected since it has lower specificity than other available primer sets and a smaller product size
so it could be used to quickly screen and eliminate negative samples.

PCR reactions were completed using the following reagents and concentrations: 5uL of
the 2x Qiagen Multiplexing Master Mix (Germantown, MD), 1umol of the VP1 / VP2 primer
set, and a minimum of 40ng of extracted DNA template (this template contained both viral and
bobcat DNA so the actual amount of viral DNA used in each PCR is unknown). Thermal cycling
conditions were modified from Schunck et al. (1995). A 94°C hot-start for 5 minutes was
followed by 10 cycles of 95°C for 30s, 60°C for 30s, and 72°C for 60s, with the annealing
temperature being reduced by 1°C every cycle. This was followed by 25 additional cycles of
94°C for 30s, 55°C for 90s, and 72°C for 60s, with a final extension of 30 minutes at 72°C. PCR
products were then resolved on a 1% agarose gel at 120v for 30 minutes. The presence of a band
at roughly 200nt indicated a positive result for parvovirus DNA in the bobcat spleen extract.

Spleen samples determined to be positive for parvovirus DNA using the VP1/VVP2 primer
set were then amplified a second time via PCR. This second PCR reaction was used to reduce the
possibility that contamination resulting from the first PCR would cause false positive results. The
second amplicon was described by Buonavoglia et al. (2001) as 555for / 555rev and was
designed specifically to sequence a variable region of the VP2 gene that allows for
differentiation between the variants of Carnivore protoparvovirus 1: FPV, CPV (and types),
MEV, and RaPV (Cotmore et al. 2014). These PCRs were completed in 20L reaction sizes with
10pL of 2x Qiagen Multiplexing Master Mix, 1umol of the 555for / 555rev primer mix at least
150ng of total combined viral DNA and bobcat extract. The thermal cycling protocol was as
follows: a 94°C hot-start for 10 minutes, followed by 43 total cycles of 94°C for 30s, 55°C for

30s, 72°C for 45s, followed by a 10 minute final extension at 72°C. Half (10uL) of each PCR
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product was then run on a 1% agarose gel at 120v for 30 minutes, with a positive result indicated
by a band at roughly 550nt. Samples that successfully amplified DNA with both primer sets were
then prepared for DNA sequencing using the remaining 10uL from this previous PCR and a
QIAquick 96-well plate PCR Purification Kit on each sample to remove primers and
contaminants. These PCR products were then Sanger sequenced using the Applied Biosystems
(ABI) BigDye V.3 reaction chemistry for the sequencing reaction followed by resolution on an
ABI 3130XL genetic analyzer. Samples were only considered to be positive for Carnivore

protoparvovirus 1 if they produced a DNA sequence able to be used in downstream analyses.

Phylogenetic Analyses

Viral DNA sequences were aligned using the ClustalW application of the program
BioEdit v.7.2.6 (Hall 1999), combined with manual manipulation. Known viral sequences of
CPV2a (HQ589341.1), CPV2b (HQ589342.1), CPV2c (HQ450028.1), FPV (EU221280.1), and
MEV (D00765.1), with these accession numbers, were acquired from the National Center for
Biotechnology Information’s GenBank and were aligned to the sequences derived from this
study. The viral type of sequenced samples was determined manually using the type-specific
mutations described by Buonavoglia et al. (2001) at positions 4062 and 4449 (amino acids 426
and 555, respectively) of the VP2 gene, similar to the method described in Ohneiser et al. (2015).
After each viral type was identified a median-joining haplotype network (Bandelt et al. 1999)
was constructed using these sequences. NETWORK 5.0.0.3 (fluxus-engineering.com) was used
with its default parameters for median-joining networks. Geographical distribution of the
generated haplotype network was then investigated using the ecological regions of West Virginia

as described by Uhlig and Wilson (1952) (appendix Figure 1).
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Geospatial Analyses

Geospatial analyses were completed in ArcMap v.10.4.1 (ESRI) to investigate any spatial
patterns for the prevalence of parvoviruses or for certain viral types. From an initial West
Virginia county shapefile, centroid points were created to be used for continued analyses. The
Incremental Spatial Autocorrelation tool was then used to find the optimal spatial band size for
each analysis to be completed. Next, the Getis-Ord Gi Hotspot analysis (Getis and Ord 1992, Ord
and Getis 1995) was used to statistically determine if any patterns were present for the spatial
arrangement of Parvovirus prevalence or viral types. For conceptualization of spatial
relationships, the Zone of Indifference was used and the value of the first major peak from the
Incremental Spatial Autocorrelation test was used as the distance band input. In addition, the
False Discovery Rate correction was used to reduce the likelihood of finding erroneous
relationships. The Inverse-Distance Weighted (IDW) tool was used to create an interpolated
surface of the z-scores from statistically significant Getis-Ord Gi Hotspot analysis. For this
analysis, z-scores with a percentile weight greater 90% or less than 10% were considered
statistically significant indicators of hotspots or coldspots, respectively. Finally, to test the
hypothesis that viral prevalence and landscape distribution are associated with human population
density, a Pearson’s correlation analysis was conducted on the Carnivore protoparvovirus 1
prevalence data and the 2016 population density estimates for each county of West Virginia

(United States Census Bureau 2016).

Results

Of the original 528 spleen samples tested for the presence of Carnivore protoparvovirus

1, 17.6% (n = 93), were positive. While viral DNA was successfully amplified from 93 samples,
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three were found to be co-infected with two different sequences of Carnivore protoparvovirus 1,
bringing the total number of examined sequences to 96. As such, a total of 96 viral DNA
sequences were isolated and used for further analyses. Of these sequences, 85.4% (n = 82) were
determined to be CPV-2 / CPV-23a, 11.5% (n = 11) were CPV-2b, and 3.1% (n = 3) were
identified as FPV. Due to the length of the DNA sequence used for this analysis, a differentiation
between CPV-2 / CPV-2a could not be completed. VVariant CPV-2c was not detected amongst
these samples. Of the 46 counties in West Virginia tested for the presence of Carnivore
protoparvovirus 1, at least one infected bobcat was documented in each of 36 counties,
indicating a statewide distribution of the virus. Prevalence of Carnivore protoparvovirus 1
appears to be greatest in north-central West Virginia, as compared to the southern counties of the

state, where prevalence is lower (Figure 16; appendix Table 2).
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Figure 16 — Map of West Virginia detailing the prevalence of Carnivore protoparvovirus 1 in each county from which bobcat carcasses were collected during 2014 — 2016. The
size of the pie chart in each county is indicative of the number of samples collected from each county and the color of the pie slice indicates the prevalence rate of each viral type
detected. The detailed information used to create this map can be found on Table 1 of the Appendix.
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Phylogenetic Results

Of the 96 Carnivore protoparvovirus 1 sequences generated in this study, a total of 18
different haplotypes were identified: 75.3% were assigned to the four prevalent haplotypes, while
the remaining 12 haplotypes were comprised of 1 — 4 sequences (Figure 17, appendix Table 3).
Also, 22 of the West Virginia sequences derived in this study were found to have a substitution
of A->G at VP2 position 4286, which was not found in any reference Carnivore protoparvovirus
1 sequences examined on the National Center for Biotechnology Information (NCBI) Genbank
database. While other local variations were found in the West Virginia haplotypes, none were as

significant as this polymorphism, which was present in nearly 25% of the entire dataset.
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Figure 17 — Median-joining haplotype network as constructed using the program NETWORK 5.0.0.3 for Carnivore
protoparvovirus 1 sequences amplified from bobcat spleens collected in West Virginia between 2014 — 2016. The
size of each node is dependent on the number of samples that were found for each haplotype. Hashmarks on each
linkage indicate the number of polymorphisms between the related haplotypes. Color of each pie slice is indicative
of the ecological region (appendix Figure 1) from which each sample was collected. Outline color of the nodes
indicates the viral typing of that particular haplotype. Nodes outlined in pink were determined to be FPV, those
outlined in green were CPV-2b, and those outlined in black were CPV-2 / CPV-2a.
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Geospatial Analyses

Two spatial analyses were conducted on this viral sequence dataset to investigate the
presence of spatial patterns, one for CPV2b and one for all Carnivore protoparvovirus 1
detections. Due to the low sample size of detected FPV infections (n = 3), no further analyses
were conducted on this viral subset. In contrast, no individual spatial analysis for CPV2 / CPV2a
was completed since it made up 86% of the total sample and would be heavily correlated to a
spatial analysis of all detected types of Carnivore protoparvovirus 1. The Getis-Ord Gi Hotspot
analysis carried out on CPV2b did not reveal any hotspots across West Virginia. Thus, geospatial
distribution of CPV2b does not appear to follow a particular spatial pattern. However, the same
analysis conducted on all positive samples found a statistically significant hotspot of Carnivore
protoparvovirus 1, centered around Doddridge, Tyler, and Wetzel Counties (Figure 18). Finally,
correlation analysis between human population density and Carnivore protoparvovirus 1
prevalence produced an R? value of 0.03 (appendix Figure 2), providing no evidence to support

the claim that viral prevalence in wild bobcats is associated with human population density.
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Figure 18 — Inverse Distance Weighted (IDW) interpolated map of Z-scores from the Getis-Ord Gi Hotspot Analysis of Carnivore protoparvovirus 1 prevalence rates for each
county of West Virginia. Viral DNA sequences were amplified from bobcat spleens collected from 2014 — 2016. Locations in red indicate areas where prevalence of Carnivore
protoparvovirus 1 is much greater than would be expected in an even distribution and locations in blue indicate areas where prevalence of Carnivore protoparvovirus 1 is less than
what would be expected in an even distribution. Locations in yellow are those that have no statistically significant relationships.
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Discussion

The 17.6% Carnivore protoparvovirus 1 prevalence rate is similar to other studies on
wild bobcats. Carver et al. (2016) found highly variable prevalence rates when using ELISA to
screen for FPV / CPV in bobcats of California (~10%), Colorado (~20%), and Florida (~40%).
While the virus has now been documented statewide, the true impact it is having on West
Virginia’s bobcat population is unknown.

CPV-2 /| CPV-2a was determined by a wide margin to be the most common type of
Carnivore protoparvovirus 1 in West Virginia’s bobcats, comprising 86.5% of total viruses
sequenced. In contrast, this study failed to detect CPV-2c. These findings are similar to a recent
worldwide study by Zhou et al. (2017) which found that CPV-2 / CPV-2a and CPV-2b were
more common than CPV-2c in North America. While the original purpose of this study was to
identify the prevalence of FPV in West Virginia’s bobcat population, FPV infection was rare,
with an overall prevalence of only 0.57% from the total population and roughly 3% of the total
Carnivore protoparvovirus 1 sequences generated. Throughout the world, CPV variants are more
commonly found in felids than the original FPV, which is disappearing rapidly, due to the
suspected more virulent capsid antigens of CPV (lkeda et al. 2000, Hoelzer et al. 2008). This
trend of CPV replacing FPV was also documented in domestic felids of Vietnam and Taiwan
(Ikeda et al. 2000) the United Kingdom (Clegg et al. 2012), and many species of wildlife in the
United States (Allison et al. 2013).

Hotspot analysis identified a statistically-significant region with greater than expected
prevalence of Carnivore protoparvorvirus 1. It was originally hypothesized that, if a viral
hotspot were present, it would be centered on areas of increased human population due to the

possible cross-species transfer between wild and domestic felids (Wasieri et al. 2009, Foley et al.
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2013). However, the counties over which this hotspot is situated have lower human population
densities than most of the other counties in West Virginia (appendix Figure 2). Again, the
correlation analysis between the human population density of each county of West Virginia and
the prevalence rate of Carnivore protoparvovirus 1, found no relationship between these factors.
Smaller sample sizes in some counties may be confounding this analysis; however, it is clear that
there is little evidence for a relationship between human population density and Carnivore
protoparvovirus 1 prevalence.

While it cannot be directly evaluated by this research, the location of this hotspot is not
likely to be solely due to wildlife-domestic animal interactions. A recent study by Carver et al.
(2016) investigated the cross-species transmission of six different pathogens in the domestic cats,
mountain lions, and bobcats of California, Colorado, and Florida. The final conclusion of their
spatial analysis was that exposure of wild felids to pathogens was often negatively associated
with the wildland-urban interface. The authors hypothesized that cross-species disease
transmission events are rare, and that it is more likely that these pathogens replicate in the new
host species after introduction. A similar relationship may exist between the domestic and wild
felids of West Virginia; however, future research will be needed to evaluate the causes behind
this Carnivore protoparvovirus 1 hotspot.

While the most common haplotypes in this analysis (H_1, H 4, H_5 and H_6) made up
over 75% of the generated viral sequences, there were a number of unique variants that were
only sequenced a few times. A total of 27 polymorphic sites were identified in the viral
sequences of this study, which is similar to what has been found in other localities, such as New
Zealand (Ohneiser et al. 2015). When examining the haplotype map distribution geographically,

three of the largest haplotype clusters (H_1, H_4, and H_5) appear to be most closely associated
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with ecoregions 4 and 5, which are located within the newly identified Carnivore
protoparvovirus 1 hotspot. When looking across the landscape, no single haplotype was found in
all six ecological regions, which suggests that local viral evolution may be the driving force
behind viral diversity instead of the mixing of viral types between ecological regions. As such,
the limited viral diversity of ecoregions 1 and 2 indicate that bobcat populations in these areas
appear to be more isolated from the rest of the state and less likely to mix with nearby
populations as ecoregions 3, 4, 5, and 6.

Another important finding of this study was the discovery of the A=>G mutation at
position 4286 of the genome, which was present in 22 / 93 (23.7%) of the viral sequences
examined. As far as we are aware this mutation has not been described previously and may
represent a locally evolved type of Carnivore protoparvovirus 1. Another recent study found
much greater molecular diversity than was previously expected when examining CPV types
worldwide (Li et al. 2017). When completing a diversity study Ohneiser et al. (2015) found CPV
variants unique to New Zealand. As such, many local Carnivore protoparvovirus 1 variants are
likely on the landscape and have yet to be discovered in locations across the world.

This study also documented three individual animals that were co-infected with different
haplotypes of Carnivore protoparvovirus 1. Of these three bobcats, two were infected with
different haplotypes of CPV-2 / CPV-2a, which has also been reported in domestic felids
(Battilani et al. 2007). However, one bobcat was found to be infected with both CPV-2 / CPV-2a
and FPV. Though rare, this co-infection has been documented in domestic cats in Italy (Battilani
et al. 2011, 2013). The haplotype that this bobcat was infected with, H_13 of CPV-2 / CPV-2a is
an intermediary form between CPV and FPV that was not found in any other animals examined

in this study.
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Management Implications

This study provides the first prevalence rates for Carnivore protoparvovirus 1 infections
in bobcats in West Virginia and the Appalachian Mountains of the eastern United States. The
viral prevalence hotspot identified by this research should be used as a focal starting point for
any planned management actions since this area is presumed to have the most significant impact
on West Virginia’s bobcats. Continued monitoring should occur in this region since the virus
may be rapidly evolving, as is evidenced by the new haplotype identified in this study. In
contrast, many areas in central or southern West Virginia have prevalence rates lower than the
rest of the state. It is in these areas that these viruses are probably having a minimal impact;
therefore, resources should be focused elsewhere. In conclusion, this study found no evidence of
an association between areas of dense human populations and the prevalence of Carnivore
protoparvovirus 1 in the wild bobcat population. Additional research is needed to investigate the

role that domestic felids play in West Virginia in terms of being a potential viral reservoir.
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Appendix Figure 1 — Map of the ecological regions of West Virginia, as described by Uhlig and Wilson (1952).
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Appendix Table 1 — For each location sampled during the 2015 — 2016 bobcat hair snaring seasons in West Virginia, the following data are recorded: the grid number, year the
grid was sampled, the county sampled, the ecoregion in which this county is located (appendix Figure 1), number of bobcat detections recorded by qPCR analysis, calculated 4-

week detection probability as estimated by the previously constructed occupancy model (Chapter 3) for that particular grid, the minimum known alive (MKA, which is a

measurement of the number of unique individuals identified, not a measurement of the census population), the minimum density of bobcats calculated for 100km?, minimum
number of bobcats calculated for 100km? when taking the detection probability for that grid into account (100km? DET), and whether or not a location sampled in 2016 was
previously sampled in 2016 (Redo).

Sample Year County Ecoregion  Detections Detection MKA Min. Density /  Min. Density/ Redo

Grid Probability 100km? 100km? DET
1-1 2015 Harrison 4 16 0.577 £ 0.065 11 4.40 7.619 + 0.496
1-2 2015 Wetzel 5 13 0.549 + 0.066 7 2.80 5.095 + 0.337
1-3 2015 Monongalia 4 16 0.553 + 0.065 9 3.60 6.498 + 0.427
1-4 2015 Tucker 2 14 0.550 + 0.066 4 1.60 2.905 + 0.192
1-5 2015 Preston 4 16 0.550 + 0.066 11 4.40 7.990 + 0.528
2-1 2015 Hampshire 1 9 0.621 £ 0.071 5 2.00 3.218 £ 0.231
2-2 2015 Morgan 1 4 0.549 + 0.066 2 0.80 1.456 + 0.096
2-3 2015 Hardy 1 4 0.553 + 0.065 3 1.20 2.167 £ 0.142
2-4 2015 Grant 1 16 0.605 + 0.068 7 2.80 4.627 £0.315
2-5 2015 Pendleton 1 8 0.563 + 0.065 3 1.20 2.129 + 0.138
3-1 2015 Lewis 4 8 0.552 + 0.065 1 0.40 0.724 £ 0.047
3-2 2015 Braxton 4 23 0.553 + 0.065 21 8.40 15.18 + 1.000
3-3 2015 Randolph 2 17 0.553 + 0.065 6 2.40 4.336 £ 0.285
3-4 2015 Pocahontas 2 9 0.568 + 0.065 6 2.40 4221 +0.274
3-5 2015 Webster 2 1 0.622 + 0.072 0 0 0

4-1 2015 Fayette 3 3 0.550 + 0.066 0 0 0

4-2 2015 Summers 3 16 0.570 + 0.065 8 3.20 5.610 + 0.365
4-3 2015 Greenbrier 2 3 0.548 + 0.066 1 0.40 0.728 £ 0.048
4-4 2015 Monroe 3 3 0.554 + 0.065 1 0.40 0.721 £ 0.047
4-5 2015 Raleigh 3 4 0.551 + 0.066 2 0.80 1.450 + 0.095
5-1 2015 Boone 3 24 0.549 + 0.066 16 6.40 11.63 +0.770
5-2 2015 Lincoln 6 16 0.548 + 0.066 9 3.60 6.564 £ 0.435
5-3 2015 Mason 6 1 0.561 + 0.065 1 0.40 0.712 + 0.046
5-4 2015 Wayne 6 11 0.579 + 0.065 3 1.20 2.071+£0.135
5-5 2015 Putnam 6 6 0.550 + 0.066 3 1.20 2.180 +0.144
6-1 2015 Wirt 5 0 0.609 £ 0.069 0 0 0

6-2 2015 Ritchie 5 9 0.553 + 0.065 5 2.00 3.611 £ 0.237
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2016
2016
2016
2016
2016
2016
2016
2016
2016
2016
2016
2016
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2016
2016
2016
2016
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Calhoun
Preston
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Barbour
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Hardy
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Hampshire
Clay
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Randolph
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Wayne
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Gilmer
Tyler
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0.552 + 0.065
0.557 +0.065
0.559 + 0.065
0.235 +0.036
0.125 + 0.032
0.237 +0.036
0.241 +0.036
0.238 + 0.036
0.298 + 0.056
0.285 + 0.050
0.253 +0.038
0.235 +0.036
0.235 +0.036
0.235 +0.036
0.233 +0.036
0.231 +0.036
0.125 +0.032
0.230 + 0.036
0.233 +0.036
0.124 +0.031
0.247 + 0.037
0.125 +0.032
0.125 +0.032
0.124 + 0.031
0.127 +0.032
0.240 + 0.036
0.231 +0.036
0.124 +0.031
0.127 + 0.032
0.244 +0.037
0.231 +0.036
0.230 + 0.036
0.230 + 0.036
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0.80
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0.80
0.40
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0.80
1.20
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0.80
3.20

0.40
0.80
1.20
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0.40
0.40
1.60
0.80
0.80
0.80

0.80
0.40
0.00
0.40
0.80
2.00
0.80

0.40
0.80

1.447 £ 0.095
0.716 + 0.046
1.430 + 0.093
1.696 + 0.061
0
5.053 +0.183
3.308 +0.121
5.034 +0.183
4.020 +0.229
2.799 +0.141
12.64 + 0.487
0
1.698 + 0.061
3.403 +0.123
5.131 +0.185
8.627 £ 0.311
3.181 +0.102
1.738 + 0.062
6.865 + 0.247
6.434 +0.205
3.226 +£0.121
6.391 + 0.204
0
6.404 + 0.204
3.130 +0.101
0
1.731 +0.062
6.427 +£0.205
15.72 + 0.508
3.265 +0.121
0
1.733 £ 0.062
3.472 +0.125

YES

YES

YES

YES
YES
YES
YES

YES
YES
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Appendix Table 2 — A detailed account of the number of bobcat spleen samples tested from each participating West
Virginia county and the findings of the tests. Spleen samples were collected from bobcats harvested between 2014 —
2016 and samples confirmed as testing positive produced a DNA sequence consistent with that of Carnivore
protoparvovirus 1.

Tested Tested CPV-2/

Negative  Positive CPV-2a CPV-2b  CPV-2¢c  FPV

County Total Tested

Barbour 11 9 2 2 0 0 0
Boone 11 10 1 1 0 0 0
Braxton 9 9 0 0 0 0 0
Brooke 2 2 0 0 0 0 0
Calhoun 3 1 2 2 0 0 0
Clay 4 4 0 0 0 0 0
Doddridge 9 4 5 5 0 0 0
Fayette 11 8 3 2 1 0 0
Gilmer 16 11 5 4 1 0 0
Grant 10 9 1 1 0 0 0
Greenbrier 4 4 0 0 0 0 0
Hampshire 7 5 2 1 0 0 1
Hardy 5 4 1 1 0 0 0
Harrison 9 6 3 2 1 0 0
Jackson 4 2 2 2 0 0 0
Kanawha 34 32 2 1 0 0 1
Lewis 12 7 5 5 0 0 0
Lincoln 23 22 1 0 1 0 0
Logan 22 21 1 1 0 0 0
Marion 8 6 2 2 0 0 0
Marshall 11 5 6 5 1 0 0
Mason 11 4 7 6 0 0 1
McDowell 2 2 0 0 0 0 0
Mercer 12 11 1 1 0 0 0
Mineral 4 4 0 0 0 0 0
Monongalia 8 6 2 1 1 0 0
Monroe 4 3 1 1 0 0 0
Nicholas 21 18 3 3 0 0 0
Pendleton 15 13 2 2 0 0 0
Pleasants 2 1 1 1 0 0 0
Pocahontas 9 8 1 1 0 0 0
Preston 18 16 2 1 1 0 0
Putnam 12 11 1 1 0 0 0
Raleigh 35 32 3 2 1 0 0
Randolph 26 22 4 2 2 0 0
Ritchie 24 21 3 3 0 0 0
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Appendix Table 3 — This table contains the raw data used to create the proportion charts on the Carnivore

protoparvovirus 1 haplotype network constructed in this study (Figure 17) for DNA sequences isolated from bobcat

spleens collected in West Virginia between 2014 — 2016. A map of the ecological regions of West Virginia is
included in this Appendix as figure 1.
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Correlation of Population Density and Carnivore protoparvovirus
1 Prevalence

70%
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Appendix Figure 2 — Graph of the correlation between the human population density of each West Virginia county
from which the prevalence of Carnivore protoparvovirus 1 was calculated. Prevalence rates were determined as the
number of bobcat spleens collected from 2014 — 2016 from which Carnivore protoparvovirus 1 DNA was
successfully sequenced as compared to all samples tested.
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WestVirginiaUniversity:

Institutional Animal Care and Use Committee WVU Assurance A3597-01

Date: ‘Dct 23,2014
IACUC PROTOCOL APPROVAL NOTICE TO THE INVESTIGATOR

Investigator: |James Anderson ACUC Protocol #: I‘I4—‘I 108

Project Title: |P0pulation and landscape genetics of the bobcats (Lynx rufus) of West Virginia

Type of approval:lNew Protocol Replacing protocol #: ‘

COMMENTS:

Funding Agency: ‘W\FDNR
The West Virginia University Animal Care and Use Committee (WVU ACUC) has granted approval
for the above referenced project. Approval was based on review of the protocol and, if appropriate,
an inspection of the laboratory/ facility space where procedures on animals are done. Should any
modifications (including, but not limited to, an increase in the number of animals, changes in
procedures, or additions,/ removals of personnel) be necessary, you must obtain prior approval from
the WVU ACUC by submitting an amendment.
NOTE: Please remember that a copy of the complete approved protocel, which will include any
amendments, inust be posted in the laboratory and be made available to all study personnel.

Initial Approval Date: "Dct 23,2014 Protocol Expiration Date:l(}cl 22,2017

Number of arljmals:lundetermined ‘ Species: |bobcat

c Acquisition of your animals MUST be through G Acquisition of your animals does NOT need to be
OLAR * through OLAR

USDA Pain Category: Subject to inspection/review every: |12 months

Animals will be taken out of the vivariwm and may or may not retum. Therefore, this protocol will be monitored
(" for re-approval every 6 months and you will be contacted by members of the WV ACUC for a laboratory inspection
every 6 months. This inspection must be completed prior to the 6 month deadline or your protocol will be closed.

Animals are not taken out of the vivarium OR this is an agricultural or wildlife protocol. Therefore, this protocol
(» will be reviewed armually for continuing approval. You will receive a blue self inspection form 3 months prior to the
12 month deadline. This form MUST be returned by the date indicated or the protocol will be closed.

ALL personnel on WVU ACUC protocols MUST be up to date with CITI training (good for 3 years)
and the Animal Health Questionnaire (good for 1 year) before protocols can be reviewed and/ or
approved. For assistance with this training, please go to http:/ / oric.research.wvu.edu.

. A Mindy Hollander
FATY I,.f"||" | )f&' 4*-\%-,5@;{{{ . Animal Compliance and Training Officer, Office of Research Integrity and Compliance
I R email: mhollander@mail wivn edu phone: 304-793-9368 cell: 34-216-1641

Chestnut Ridge Research Building

Phone: 304-293-7073 886 Chestnut Ridge Road, Suita 211
Fax:304-293-3008 | PO Box 6845 o o o
hitpe//oric.resaarch.wvu.edw/ Morgantown, WV 26506-6845 Equal Opportunity/Affirmative Action Institution

Appendix Document 1 — Copy of IACUC Protocol 14-1108 approval form to begin bobcat hair snare trapping.
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