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Population-level patterns reflect the aggregation of individual-level movement, 

survival, and recruitment processes over a landscape. Estimating population density, 

distribution, and genetic structure is important for understanding species ecology, 

monitoring viability, and for developing effective management plans. Long-term 

monitoring is particularly necessary for detecting changes that have management 

implications. However, limited resources often impede the collection of sufficient 

high-resolution demographic data for robust population-level inferences, especially for 

species with extensive distributions and large ranges of individual movement. The 

American back bear (Ursus americanus) is a game species in New York (NY) that has 

been growing in abundance and expanding in distribution. However, robust 

knowledge of spatial variation in population density or genetic structure informative 

about current and future population trajectories is lacking. This research estimated 

patterns of landscape-wide spatial heterogeneity in NY bear populations using 

noninvasive, cost-efficient methods. First, I investigated the genetic structure of bears 

in NY and across the northeastern United States using neutral markers to reveal 

differentiation and patterns of restricted gene flow that may pre-date historical human 

disturbances. Genetic connectivity across political borders supports previous 



 

hypotheses of bear movement that motivate continued monitoring and coordination 

between management units. Second, I developed a citizen science (CS) program and 

conducted simulations with a novel integrated model to assess the utility of 

opportunistic CS data in augmenting systematic data to estimate population 

parameters. Then, I estimated bear density and patterns in bear density, distribution, 

and occupancy related to landcover types in southern NY with systematic spatial 

capture-recapture, occupancy, and CS approaches from 2015-2018. Across years, 

mean predicted density was 7.3 bears /100 km2 (95% CI: 4.7 – 11.5) with population 

growth, survival, fecundity, and landcover patterns suggesting that bears may continue 

to expand into areas with more human-impacted landscapes. Accounting for 

dependence between collocated sampling methods increased overall detection 

probability and highlighted the importance of appropriate spatial scales of different 

sampling methods for inference on population density. These findings provide the first 

spatially explicit, non-harvest based estimates of black bear population patterns across 

southern NY, and offer insights into the design of large scale, multi-method, long term 

population monitoring. 
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CHAPTER 1 SPATIAL GENETIC STRUCTURE OF AMERICAN BLACK BEARS IN 
NORTHEASTERN UNITED STATES 

 
Abstract 
Spatial genetic structure of populations are informative about species ecology and demography 

over heterogeneous landscapes. Genetic diversity and structure also relate to population 

persistence and reflect metapopulation connectivity, thereby providing insight as well as 

potentially early detection of demographic and viability patterns that may be difficult to detect 

through direct observations. In the northeastern United States (US), American black bears (Ursus 

americanus) experienced several centuries of population declines because of human impacts 

through loss of forests and unregulated hunting. To assess the degree to which human influences 

may have impacted the genetic structure of black bears across the region through population 

fragmentation, genetic isolation and drift, I conducted microsatellite and mitochondrial analyses 

of 364 black bears in nine states from Maine to West Virginia. Instead of panmixia or patterns of 

isolation by distance, I identified genetic differentiation aligning with broad physiogeographic 

landscape features. I expected that demonstrable genetic bottlenecks would be necessary for this 

population structure to a result of anthropogenic disturbances in the 16-19th centuries. To the 

contrary, there was no strong or consistent evidence population bottlenecks. Therefore, I 

concluded that the patterns of spatial genetic structure are from suggest persistent, restricted gene 

flow and that effects of historical population declines on genetic structure were limited. 

Additionally, genetic structure did not follow political boundaries, emphasizing the importance 

of large-scale, coordinated monitoring to anticipate potential reciprocal impacts of population 

dynamics between proximate management jurisdictions. These findings provide the first 

evaluation of large-scale patterns of black bear genetic structure and connectivity across the 

northeastern US, informing bear management and laying a foundation for continued genetic 
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monitoring.  

Introduction 
The genetic structure of a species over its geographic distribution is the culmination of 

evolutionary, historical, and contemporary patterns of gene flow over a spatially heterogeneous 

landscape. Spatial patterns of genetic structure and gene flow are tied to species ecology, 

population demography, and distribution, influencing the capacity for species viability, 

persistence and adaptation. Therefore when humans have altered the landscape and a species’ 

demography, it is important to identify the patterns and degree to which genetic structure may 

have also been influenced. Quantifying the degree of anthropogenic impact on genetic diversity 

and structure is often based on concordance of patterns with a priori expectations (Goossens et 

al. 2006, Hoelzel, 2008, Straka et al. 2012) or with co-distributed species with similar ecology 

(Jones et al. 2013) because genetic data predating the anthropogenic events are not often 

available for direct comparison (Johnson et al. 2004, Epps and Keyghobadi 2015). Human 

impacts on species and populations vary, as exemplified by some benefitting from human 

disturbance (Ellis et al. 2012, Purcell 2012) with others facing increased risks of extinction in the 

current Anthropocene epoch (Dirzo et al. 2014). With the ability to assess historical and 

contemporary anthropogenic influences, estimating the genetic diversity and structure of wildlife 

populations is therefore not only descriptive but also informative for conservation and 

management.  

The American black bear (Ursus americanus) is a wide-ranging species with populations 

currently distributed across the northeastern United States (US). Previous studies have found that 

black bears in the northeastern US are part of an eastern mitochondrial clade that diverged before 

the last glacial maximum (LGM, ~21 kya) (Cronin et al. 1991, Wooding and Ward 1997), 

consistent with other North American mammal species such as moose (Alces alces) and downy 
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woodpeckers (Picoides pubescens) (Avise 1998, Pulgarín-R and Burg 2012). A continent-scale 

analysis further suggested that northeastern black bears experienced post-Pleistocene admixture 

from populations expanding out of glacial refugia in Beringia/Alaska, and possibly also the 

southeastern United States (Puckett et al. 2015). Forest cover that increased after the LGM 

(Williamson 2002, Feranec and Kozlowski 2016) likely facilitated black bear range expansion. 

More recently, deforestation of half the northeastern forest cover (Thompson et al. 2013) and 

unregulated hunting between the 16th and 19th centuries caused bear populations to decline 

(Hristienko and McDonald 2007). Populations became fragmented and locally extirpated in some 

areas, but began to recover in the northeast United States in the 20th century with the return of 

forest cover and legal protection through the regulation of hunting (Scheick and McCown 2014). 

Black bears are omnivores with opportunistic foraging behaviors (Bastille‐Rousseau et al. 2011), 

and therefore can use a diversity of landcover types (Jones and Pelton 2003, Hiller et al. 2015, 

Zeller et al. 2019). Within the last several decades, many northeastern states now report growing 

bear populations (Garshelis and Hristienko 2006), with bears observed in areas where they had 

not been since the early to mid-20th century such as urban landscapes (Evans et al. 2018). 

Large-scale patterns of neutral genetic structure of black bears in the northeastern US is 

unknown, as sampling of the region was sparse in previous phylogeographic studies. After 

glaciers receded, colonization routes could have generated genetic structure (Hewitt 1996), with 

movement and dispersal corridors following landscape features such as forests, rivers, and ridges 

of high elevation (White et al. 2000, Lee and Vaughan 2003, Cushman et al. 2006). Equilibrium 

patterns of isolation by distance (IBD) are possible, similar to those found in central and eastern 

Canada, where bears are still continuously distributed with minimal human presence (Pelletier et 

al. 2012). However, anthropogenic declines and population fragmentation could have altered the 
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spatial distribution of post-glacial genetic variation (Drummond et al. 2005, Montgomery et al. 

2014). Patterns of resource use and movement through forested landscapes may have changed, as 

tree composition of forests transformed from the chestnut (Castanea spp.), beech (Fagus spp.), 

and oaks (Quercus spp.) that were once dominant to maples (Acer spp.) and other early 

successional species with 20th century reforestation (Noyce and Coy 1990, Samson and Huot 

1998, Kindall and Manen 2007, Thompson et al. 2013). Indeed, the genetic structure of other 

species in the northeast, such as the fisher (Martes pennanti) and bobcat (Lynx rufus), have been 

related to parallel histories of declines due to hunting and subsequent 20th century recovery 

(Litvaitis et al. 2006, Hapeman et al. 2011, Reding et al. 2012, Michalak 2019). Similarly, if 

population structure of black bears before European settlement genetic patterns was panmictic or 

consistent with IBD, and anthropogenically-caused population declines led to genetic drift and 

isolation, I may expect small contemporary effective population sizes with potentially high 

genetic differentiation driven by population bottlenecks. Alternatively, a contrasting hypothesis 

is that gene flow and genetic connectivity that followed landform and ecoregion features may 

have largely stayed intact during 18th and 19th century forest-clearing. Pre-existing population 

structure may have been preserved for the forest generalist species, with sufficient forest matrix 

acting as refugia and keeping population sizes above sizes that rapidly erode genetic diversity 

(i.e., bottlenecks).  

I sought to characterize the large-scale, spatial, neutral genetic structure of black bear 

populations in the northeastern United States in order to assess the genetic impact of known 

historical human-induced population declines. I used microsatellite and mitochondrial markers 

because of their respective high rates of polymorphism and mutation rates that make them ideal 

for studying neutral genetic variation and structure over recent history (Moritz 1994, DeYoung 
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and Honeycutt 2005). Mitochondrial DNA is uni-parentally inherited from the mother with little 

to no recombination and is informative about the genetic structure of maternal lineages, while 

microsatellites are bi-parentally inherited and therefore informative about patterns of both sexes 

and the population as a whole. Thus, compared to nuclear markers, mitochondrial markers have 

smaller effective population sizes that increase sensitivity to genetic drift, accelerating lineage 

sorting faster so that population-structuring events that occurred more recently can be detected. 

Discordant patterns between the two markers can also occur due to sex-biased patterns of 

dispersal and gene flow, such as with male black bears typically dispersing farther than females 

from their natal home ranges (Alt et al. 1980, Costello 2010). Owing to differences in different 

modes of inheritance and species’ ecology, inference using both types of markers can provide a 

more complete and robust understanding of genetic patterns than any one by itself (Moritz 1994, 

Latta 2006, Pelletier et al. 2011).  

Estimating the large-scale genetic structure of black bears across the northeast US could 

inform bear management at multiple scales. Previous studies of black bears in the northeast have 

mostly focused on the genetic variation within states or used genetics as a method for identifying 

individuals in population studies (e.g., Evans et al. 2018 (CT), Huffman and Ombrello 2010 

(NJ), Sun et al. 2017 (NY), Coster et al. 2011 (NH)). However, investigating genetic structure 

beyond the scale of single management jurisdictions can identify genetic boundaries and sources 

of dynamics in local population patterns such as immigration and population growth. 

Furthermore, genetic monitoring across large spatial extents may reveal informative comparisons 

of genetic diversity, effective population sizes, and patterns of genetic connectivity that could 

influence metapopulation viability and the capacity for adaptation in a changing landscape and 

climate (Hoffmann and Sgrò 2011). Contemporary effective population size can be low due to 
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unequal sex ratios, variance in reproductive success, or fluctuating population sizes, 

characteristics that have been observed in some black bear populations (Bunnell and Tait 1987, 

Kovach and Powell 2003). Thus, larger-scale investigations of genetic structure may help 

identify where coordination between agencies could achieve a better match between the spatial 

scales of management relative to contemporary demographic processes.   

Methods 
Between 2010 and 2017, I collected a total of 415 hair and tissue samples from wildlife 

agencies in 9 states in the northeast United States: Maine (n = 49), New Hampshire (n = 15), 

Vermont (n = 5), Connecticut (n = 21), New York (n = 216), New Jersey (n = 13), Pennsylvania 

(n = 28), Maryland (n = 49), and West Virginia (n = 19) (Figure 1.1). Samples came from barbed 

wire hair snares, research bears with VHF/GPS collars, nuisance bears, and harvested bears. I 

stored samples in paper coin envelopes with silica desiccant until DNA extraction, typically 

within 6 months of receipt. The state and latitude/longitude coordinates of the centroid of the 

county of origin were used as the locality information for each sample. For New York samples, I 

also identified which historical range (Adirondacks, Catskills, and Allegany) each sample would 

have been associated with. Samples were assigned a hierarchical sampling location, by state, 

county, and if from New York, historical range. Samples represented unique individual bears, 

and I henceforth use the terms “individuals” and “samples” interchangeably. 

DNA Extraction and Genotyping 
I extracted DNA using the DNAeasy Blood and Tissue Kits (Qiagen, Germantown, MD, 

USA) following manufacturers protocols. For hair samples, I used a minimum of 10 follicles 

from guard hairs. To dissolve hair samples more easily, I added 20 μL of 1M dithiothreitol to 

each sample during overnight lysis. I considered an initial 15 fluorescently labelled, dinucleotide 

microsatellite loci for analysis in 5 multiplex panels (1:VIC-G10L, FAM-G1D, NED-G10M; 2: 
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VIC-G1A, FAM-G10B, NED-Mu50; 3: VIC-CXX110, FAM-G10H, NED-MSUT-2; 4: HEX-

G10P, FAM-UarMU23, VIC-UarMU59; 5: NED-G10X, VIC-G10J, FAM-G10C; (Taberlet et al. 

1997, Proctor et al. 2002, Kristensen et al. 2011, Puckett et al. 2014). For all multiplexes, I used 

12.5 μL reactions with 1μL DNA template, 6.25 units of Qiagen® Multiplex taq polymerase, and 

1.25 μL of BSA (0.2mg/mL). I used the following amounts of forward and reverse primer each 

in the 5 multiplexes: 1) 1.25 pmol of each for G10L, G1D, and G10M; 2) 2 pmol of each for 

Mu50 and G1A, and 2.5 pmol of each for G10B; 3) 1.9 pmol for MSUT-2, 1.25 pmol for 

CXX110, and 0.9 pmol of GH10; 4) 1.25 pmol of each for G10P, UarMU34 and UarMU59; 5) 

1.25 pmol for G1A, 1.8 pmol for G10C, and 2.5 pmol for G10J. The thermal profile for 

multiplexes 1, 2, 4, and 5 was: 95°C for 15 minutes, followed by 10 cycles each of 94°C for 30 

sec, 65°C for 1.5 minutes, 94°C for 30 sec, 65°C for 1.5 minutes that decreased by 1°C/cycle to 

55°C, and 72°C for 1 minute, then 30 cycles of 94°C for 30 sec, 55°C for 1.5 minutes, and 72°C 

for 1 minute, and finally ending with 60°C for 30 min. The thermal profile for multiplex 3 was: 

95°C for 15 minutes, 40 cycles of 94°C for 30 minutes, 49.9°C for 1.5 minutes, and 72°C for 1 

minute, and finally ending with 60°C for 30 minutes. Completed PCR reactions were held at 

15°C until removed from the thermal cycler. I mixed microsatellite PCR products with 500-LIZ 

size standard and HiDi formamide (Applied Biosystems®) for fragment analysis at Cornell Life 

Sciences Core Laboratories Center on an ABI 3730x1 DNA analyzer. I scored and assigned 

alleles using Genemapper v4.1 (Applied Biosystems®).  

To estimate error rates, I randomly subsampled at least 20% of individuals for replicate 

genotyping, i.e. 2 genotyping efforts per sample. Per-locus error rates were calculated as the 

percentage of replicate samples that had 1 or 2 allelic mismatches due to allelic dropout or false 

alleles. To minimize the presence of genotyping errors that could cause false genetic patterns 
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(Morin et al. 2009), I removed loci with >3% error rates, genotypes that mismatched across 

replicates, and samples with a genotype missing at >1 loci. 

For mitochondrial analysis, I amplified a ~550 base pair (bp) region of the mitochondrial 

cytochrome b and D loop of the control region using forward and reverse primers described in 

Puckett et al. (2014). I conducted PCR in 15µL final volumes with final concentrations of 1X 

buffer, 0.8 mM BSA, 2 mM MgCl2, 0.4 uM of forward and reverse primer each, and 0.2 mM 

Hotstart taq . The thermal profile was 95°C for 15 minutes and 35 cycles of 95°C for 1 minute, 

56.4 for 1 minute and 72°C for 1 minute, followed by 72°C for 10 minutes. Then, 5µL volumes 

of PCR products were cleaned with 2 µL of ExoSAP-IT, at 37°C for 15 minutes and 80°C for 15 

minutes. Products (1 µL) then underwent Big Dye sequencing in 10µL final volumes with 1.75 

µL 5x sequence buffer, 0.5 µL Big Dye Terminator, and 0.1 µL of forward and reverse primer 

separately, with the following thermocycler profile: 25 cycles of 96°C for 10 seconds, 50°C for 5 

seconds, and 60°C for 4 minutes, with a temperature ramp of 0.9°C per second between each 

step. Forward and reverse products were cleaned according to the Agencourt Cleanseq Dye 

Terminator Removal protocol for sequencing at Cornell Life Sciences Core Laboratories Center 

on ABI 3730x1 DNA analyzers. Sequences were initially aligned in Geneious (v8.0.05) to create 

consensus sequences, mapped to 91 previously identified black bear haplotypes (Puckett et al. 

2015) with MUSCLE default parameters, and then trimmed minimally to retain information.  

Analysis 
Microsatellite 

I analyzed the microsatellite genotypes per sampling location (i.e., state and historical 

range of New York) to detect potential genotyping errors caused by scoring, allele drop-out, 

and null alleles, in Microchecker v. 2.2.3 (Van Oosterhout et al. 2004). To adhere as best as 

possible to the assumption that bears in our dataset were a random sample from populations of 
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interest, I sought to minimize relatedness between individual bears. I used program ML-Relate 

(Kalinowski et al. 2006) to identify pairs of individuals from the same state that had relatedness 

coefficients of ≥0.50, and then removed one individual in each pair such that the fewest possible 

number of bears were removed.  

For each sampling location, and the genetic clusters identified in subsequent analyses, I 

calculated summary statistics, including allelic richness, the number of private alleles, 

heterozygosity, and F statistics with bootstrap procedures (10,000 iterations) in the diveRsity (v. 

1.9.90 (Keenan et al. 2013) and hierfstat (v. 0.04-29, Goudet 2005) packages in program R 

(v3.5.2 R Core Team 2018).  

To estimate patterns of genetic structure, I first grouped samples into genetic clusters 

according to similarity of admixture patterns. I estimated admixture with the Bayesian clustering 

program STRUCTURE (v2.3.4, Pritchard et al. 2000), using correlated allele frequencies, an 

admixed ancestry model, and information about the state or historical range as a prior about 

potentially weak population structure signals. I considered K = 1 - 11 potential contributing 

genetic populations, with each K run 5 times with 75,000 iterations after 25,000 iterations of 

burn-in. I used the online Clumpak server (Kopelman et al. 2015) to summarize results and 

identify the optimal K value based on visual inspection of patterns across values of K, the log 

likelihoods, and ΔK method (Evanno et al. 2005). I also conducted a principle coordinate 

analysis (PCoA) and created a neighbor-joining (NJ) tree based on Fst estimates in the hierfstat 

and ape (v5.0, Paradis and Schliep 2019) packages in program R. 

I focused subsequent population level analyses on genetic clusters. I quantified patterns 

of isolation by distance across the sampling extent and within each genetic cluster using Mantel 

tests with pairwise Fst estimates between counties in the vegan package (v 2.5-4 Oksanen et al. 
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2019) in R with up to 999 permutations. I estimated hierarchical structure with AMOVA 

analyses using county locality and genetic cluster as hierarchies, with significance assessed 

through randomization tests (10,000 repetitions) in the ade4 package (v1.7-13 Dray and Dufour 

2007). AMOVA analyses do not assume Hardy-Weinberg Equilibrium (HWE). 

To identify patterns of demography, I estimated contemporary effective population size 

(Ne), tested for bottleneck signatures, and used assignment tests to estimate contemporary 

migration rates. I estimated Ne using NeEstimator (v.2.01, Do et al. 2014) with the linkage 

disequilibrium (LD) method (Gilbert and Whitlock 2015) and screened out rare alleles that 

occurred with less than 5% frequency (minimum allele frequency, Pcrit = 0.05). The LD approach 

tests for nonrandom association between alleles at different loci that occur due to the influence of 

drift on allelic frequencies. I report jackknifed estimates of confidence intervals. I tested for 

recent genetic bottlenecks using the estimated Ne or, if infinite, the lower 95% CI lower estimate 

if the with programs Bottleneck (Cornuet and Luikart 1996) and M Ratio (Garza and Williamson 

2001). The former compares Hardy Weinberg expected heterozygosity with mutation-drift 

equilibrium heterozygosity given observed allelic diversity and a mutation model, while the 

latter compares gaps in the allele size frequency distribution to those expected under 

hypothesized mutation models and population size parameters. In Bottleneck, I evaluated the 

strict stepwise (SMM) and two-phase mutation models (TPM; with variance of 4 and 9, and 

either 50%, 70% or 90% proportions of stepwise mutations), evaluating significance with 

Wilcoxon signed-rank tests. In M Ratio, I used a stepwise mutation rate of 2*10-4 (Pelletier et al. 

2017) region-specific estimates of Ne, and the same range of SMM proportions. I estimated 

recent (i.e., over the last few generations) migration rates between genetic clusters in BayesAss 

(Wilson and Rannala 2003) which allows for deviation from Hardy Weinberg equilibrium within 
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populations. I used 3 runs of 1,000,000 iterations each with a thinning interval of 100 and initial 

burn-in of 500,000 iterations. 

Mitochondrial 
I identified mitochondrial haplotypes and created a haplotype network using the ‘pegas’ 

package (v0.11, Paradis 2010) in program R. I calculated summary statistics for sampling 

locations and genetic clusters identified in microsatellite analyses, including Fst, the number of 

polymorphic sites, and haplotype and nucleotide diversity in program DNAsp (Librado and 

Rozas 2009). Pairwise genetic distances between samples, counties, and genetic clusters were 

estimated with 10,000 bootstraps in MegaX (Kumar et al. 2018), using the mutation model with 

the lowest Bayesian Information Criterion value. To identify patterns of IBD across the sampling 

extent and within each genetic cluster, I conducted Mantel tests using pairwise genetic distances 

between counties with up to 10,000 permutations in the ‘vegan’ package. I also conducted 

AMOVAs with 10,000 permutations to estimate patterns of hierarchical genetic structure. 

Significance was determined with permutation tests using up to 10,000 permutations. I tested for 

signatures of population expansion with Tajima’s D and the R2 statistic (Ramírez-Soriano et al. 

2008) in DNAsp, the latter of which has been shown to be robust for small sample sizes.  

Results 
Microsatellite 

Microsatellite amplification was successful for 330 individuals. I removed 5 loci (Mu50, 

CXX110, MSUT-2, G10P, G10J,) due to consistently poor scoring patterns and high genotyping 

error rates. I removed 85 individuals with more than 1 missing genotype and 33 individuals with 

relationship coefficients of ≥0.50 with 49 other bears in the same state. The final set of samples 

for microsatellite analysis included 212 bears in 49 counties across 9 states of the northeastern 

US (Table 1.1), of which 7 bears were missing genotypes at 1 locus (i.e., 0.33% missing data). 

Replication rate per locus was an average 48% (range: 43% -51%). The average per locus 
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mismatch error rate was 0.6% (range: 0% – 2.8%). Microchecker suggested null alleles at Mu59, 

B, Mu23, G10M, G10C, and G1A across sampling locations and deviations from HI were found 

in 2 loci (G10L, G10B) in at least 2 sampling locations each. However, I retained these loci due 

to the low error rates and high rates of genotype replication, and the possibility of real deviations 

from equilibrium rather than genotyping errors. Pairwise estimates of linkage disequilibrium in 

the regions with the largest number of samples (i.e., New York Adirondacks, Catskills, and 

Allegany), when adjusted for multiple comparisons, showed no significant associations between 

any loci. 

Heterozygosity was a mean of Ho = 0.70 (range: Ho = 0.57 - 0.80) (Table 1.2), and allelic 

richness was a mean of 3.7 (range: 2.7 – 4.3). Private alleles were identified in 6 states. Maine, 

Vermont, Connecticut, New York, and Pennsylvania had significantly non-zero mean Fis values, 

suggesting additional genetic structure. Pairwise Fst between states was a mean of Fst = 0.07 

(range: 0.0 – 0.14) (Appendix 1 Table 1). Connecticut and Vermont had an Fst= 0.  

I identified consistent patterns of genetic structure across microsatellite analyses. K=5 

was the optimal number of genetic populations based on the log likelihoods, regardless of 

sampling location as a prior, while the ΔK method identified K=5 as second ranked to K=2 and 

K=3 without and with the sampling location prior, respectively (Appendix 1 Figures 1, 2). I 

proceeded with K=5 (Figure 1.2), given the consistent identification of K=5 across methods and 

variable sample sizes that can render the ΔK method less accurate (Wang 2017). K=5 was also 

consistent with results from the PCoA analysis and NJ tree (Appendix 1 Figures 3, 4). Notably, 

the genetic clustering of New York samples aligned with the historical ranges as defined by the 

New York State Department of Environmental Conservation (NYSDEC) (2007): bears from the 

Adirondacks, Catskills, and Allegany ranges separated into distinct genetic clusters, with the 
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exception of 12 individuals that displayed different ancestry patterns than the majority of 

individuals within the same range. From the Adirondacks and Allegany ranges each, 4 

individuals had the same ancestral population source contributing admixture as Catskills bears, 

suggestive of first and second generation migration. However, most bears from the Adirondacks 

grouped with all bears from Maine and New Hampshire, with individuals being on average 68% 

from the same genetic population, and most bears from the Allegany range grouped with all 

bears from Pennsylvania, with individuals being on average 91% from the same genetic 

population. Most Catskills bears and all New Jersey bears formed a genetic cluster, with bears 

being an average 83% from the same inferred genetic population. Connecticut and Vermont also 

grouped together, with all bears being an average of 89% from a single genetic population. 

Similarly, bears from Maryland and Virginia were an average of 78% from a single genetic 

population. Given consistency in patterns of admixture within clusters and spatial proximity of 

clustered states, I grouped bears into 5 genetic clusters for subsequent regional-population 

analyses: 1) Maine, New Hampshire, and the Adirondacks of NY; 2) Connecticut and Vermont; 

3) the Catskills of NY and New Jersey; 4) the Allegany range of NY and Pennsylvania; and 5) 

Maryland and West Virginia.  

There was little evidence for microsatellite patterns of isolation by distance (IBD). 

Across the northeastern region and within genetic clusters, Mantel tests with county as the unit of 

analysis found no significant correlations between geographic and genetic distances (p = 0.12 – 

0.95). Instead, I identified slight structure between clusters and between counties within genetic 

clusters and, explaining 3.3% and 2.9% of the genetic variation respectively (AMOVA; p<0.01), 

(Table 1.3). Fst between genetic clusters was Fst = 0.05 on average, with the greatest degree of 

differentiation occurring when clusters were compared to Cluster 2 (i.e., Connecticut and 
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Vermont) (Table 1.4). The average Fst between states in the same genetic cluster was Fst = 0.03 

(SE=0.004), while average Fst between states in different clusters was significantly higher at Fst = 

0.05 (SE=0.004). 

Estimates of effective population size Ne for genetic clusters were generally within 1-2 

orders of magnitude of each other. Estimates ranged from 58 (Cluster 2: Connecticut and 

Vermont) to 1,060 (Cluster 1: Maine, New Hampshire, and Adirondacks) (Table 1.5, Appendix 1 

Table 2), although Ne for Cluster 5 (i.e., Maryland and West Virginia) was infinite with a 95% 

CI lower estimate of 249.6. I detected equivocal support for bottlenecks across mutation models 

(Table 1.5). In the strictly stepwise-mutation model, no genetic cluster appeared to have 

undergone a recent bottleneck in either the Bottleneck or M-Ratio tests. However, when 5% - 

10% of mutations were multistep, the Clusters 2 and 3 (i.e., Connecticut, Vermont, New Jersey 

and the Catskills) suggested evidence of bottleneck in M-Ratio. As the proportion of multistep 

mutations increased to 50% in program Bottleneck, significant support for a bottleneck appeared 

in Cluster 1 (i.e., Maine, New Hampshire and the Adirondacks).  

I detected low levels of recent migration between genetic clusters in BayesAss (Table 

1.6), with a mean migration rate of 0.04 (range: 0-0.13) between genetic clusters. In contrast, 

mean migration rate within genetic clusters was 0.85 (range: 0.70-0.92). Results suggested 

directionality in migration rates, but variable and small sample sizes preclude strong inference.  

Mitochondrial 
I sequenced 364 samples in 67 counties in 9 states across the northeastern US, aligned 

and trimmed to 438 bp lengths (Table 1.1). This represented 57 bp of cyt-B, tRNA-Threo, tRNA-

Pro, and 242 b.p. of the D-loop. There were 15 polymorphic sites, including a synonymous 

substitution for valine in 48 samples, one polymorphic site in tRNA-Thr, and 13 polymorphic 

sites in the D-loop.   
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I identified 24 haplotypes, differing by a maximum of 3 nucleotides (Figure 1.3, 

Appendix 1 Table 3). Haplotype diversity ranged from 0.22 – 0.90 (mean = 0.82, SD = 0.014), 

and nucleotide diversity ranged from 0.001 – 0.006 (mean = 0.004, SD = 0.0002) (Table 1.7). 

The majority of bears (55%) had one of two broadly-shared haplotypes, while 15 haplotypes 

were found in only one microsatellite-defined genetic cluster (i.e., private).  

The Tamura 3-parameter mutation model had the lowest BIC, and was used to estimate 

pairwise genetic distances between individuals, counties, and microsatellite-defined genetic 

clusters. With county as the unit of analysis, I found a positive pattern of IBD within Cluster 1 

(i.e., Maine, New Hampshire and Adirondacks; r = 0.26, Mantel test p = 0.01), but not generally 

across the entire extent of the northeastern region (r = -0.021, p = 0.53). However, using 

individuals as the unit of analysis, positive IBD was present across the entire extent (r = 0.13, p < 

0.01) and within all genetic clusters (range: r = 0.15 – 0.57; p value: <0.03) except for Cluster 3 

(i.e., New Jersey and the Catskills; r = -0.09, p = 0.25). Hierarchical variation at the genetic 

cluster and county levels explained 12% and 32% of the structure, respectively (AMOVA; p < 

0.01).  

Mitochondrial DNA variation showed no overall pattern of population fluctuation across 

the sampling extent. At the level of genetic clusters, however, I identified a significant negative 

Tajima’s D of -1.31 (p = 0.04) for cluster 2 (i.e., Connecticut and Vermont) (Table 1.7).  

Discussion 
I found a clear basis in both the nuclear and mitochondrial markers for rejecting panmixia 

among black bears of the northeastern US. Instead, I found a regional pattern of spatial genetic 

structure, indicating restricted gene flow. For anthropogenic disturbances such as population 

declines and habitat fragmentation to restrict gene flow and generate genetic structure through 

isolation and genetic drift, we would have also have expected to find evidence for bottlenecks of 
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effective population sizes. However, there was equivocal evidence for bottlenecks across the 

northeastern US black bear populations. A lack of bottleneck patterns would require gene flow 

during post-bottleneck recovery that would erode genetic structure, but we nonetheless identified 

clear patterns of spatial genetic structure. Therefore, the presence of genetic structure together 

with a lack of evidence for bottlenecks suggests that the observed patterns are due to gene flow 

and genetic connectivity that were kept intact and minimally impacted by 18th and 19th century 

forest-clearing and disturbances.  

I found limited evidence for historical human impact on genetic structure. Despite known 

and spatially extensive historical population declines (Hristienko and MacDonald 2007), results 

here provided little compelling evidence for recent bottlenecks that substantially reduced genetic 

variation. In population bottlenecks, genetic diversity is reduced due to the loss of alleles and 

polymorphisms, particularly rare ones (Nei et al. 1975, Peery et al. 2012, Wang et al. 2016). 

Tests for evidence of a bottleneck compare observed patterns in heterozygosity, allelic richness, 

and allelic distribution to expectations under mutation-drift equilibrium (Cornuet and Luikart 

1996, Garza and Williamson 2001, Tajima 1989). Power to detect bottlenecks with these 

methods typically increases with the duration of the bottleneck (Williamson-Natesan 2005) 

combined with the absolute magnitude of bottleneck. A bottleneck that lasts only a few 

generations must be extreme to have a high probability of generating a detectabl signal (Nei et al. 

1975). Here, bottleneck tests with the microsatellite data did not identify any population with 

evidence of population bottleneck that was consistent across mutation parameters. Even with the 

mitochondrial haplotypes, which are more sensitive to genetic drift and develop population-

structure faster than nuclear markers due to a smaller effective population size, a significant 

negative Tajima’s D was only detected for the Connecticut and Vermont genetic cluster. The 
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single, “rare” haplotype may be the result of population recovery, i.e., expansion after a 

bottleneck, or a founder haplotype from surrounding populations.  

The absence of detectable genetic repercussions of abundance declines, if any, in the 

genetic clusters besides Connecticut and Vermont could be explained by demography and life-

history traits. First, persistent migration and gene flow may have reduced genetic drift and 

landscape fragmentation effects, thereby retaining genetic diversity (McEachern et al. 2011). 

Second, the ~300 year period of disturbance may have an effective bottleneck duration that is 

lower than what the estimated generation time of 6 years (Onorato et al. 2007) would imply, due 

to long life spans (20 years, Clark et al. 2017) with iteroparous reproduction and overlapping 

generations (Hailer et al. 2006, Kekkonen et al. 2012). Finally, a post-bottleneck period of 

recovery of approximately 12 generations, which started in the mid-1900s, and may have. 

Cumulatively, these patterns may have led to a gradual population decline, if any, that the 

bottleneck tests I used may have failed to detect, which are more informative for drastic 

population declines during recent to intermediate timeframes (Luikart et al. 1998, Peery et al. 

2012). Additional modeling would be required to evaluate the relative impact of different 

bottleneck scenarios lasting ~50 generations on genetic structure under a range of initial effective 

population sizes, genetic diversity, and patterns of gene flow ((Easypop) Balloux 2001, 

(Bottlesim) Kuo and Janzen 2003, Pelletier et al. 2017). Furthermore, power analyses would be 

necessary to determine the ability of our sampling design to detect any such bottleneck 

signatures, as well as to identify the ideal sampling design.  

Patterns in genetic diversity were consistent with natural, semi-permeable barriers to gene 

flow rather than genetic drift and loss of genetic diversity during population bottlenecks. Levels 

of heterozygosity and differentiation were similar to those reported in other studies of multiple 
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black bear population distributions in North America (Paetkau and Strobeck 1994, Onorato et al. 

2007, Brown et al. 2009, Puckett et al. 2014), with differentiation lower than in populations that 

have experienced prolonged and contemporary fragmentation and isolation (Triant et al. 2004, 

Dixon et al. 2007, Pelletier et al. 2017). Therefore, the low allelic richness similar to isolated 

black bear populations (Pelletier et al. 2017, Puckett et al. 2014), and observed genetic 

subdivisions may be due to long-standing processes of genetic structure and restricted gene flow. 

Genetic structure of black bears in the northeastern US may partially reflect gene flow 

that followed landscape features other than forest cover that influence bear movement and 

resource use.  The genetic clusters roughly segregate along different provinces and sections 

within the Appalachian Highlands physiogeographic division (Vigil et al. 2008). For example, 

bears from Maryland and West Virginia (Cluster 5) align with the Kanawha and Cumberland 

Mountain sections, while the Allegany region of NY and Pennsylvania (Cluster 4) correspond 

with the Southern New York section. The Catskills (with New Jersey, Cluster 3) is its own 

distinct section as a constricted area of the Valley and Ridge province. The New England states 

(Maine, New Hampshire, Vermont, and Connecticut, Clusters 1 and 2) have a complex geologic 

history, but the Taconic and New England Upland sections along with water bodies including the 

Hudson River closely align with the genetic differentiation between these states and the 

Adirondacks region of New York (Vigil et al. 2008). Varying degrees of post-glacial genetic 

structure have been found in other northeastern species, including striped skunks (Mephitis 

mephitis; Barton and Wisely 2012), painted turtles (Chrysemys picta; Starkey et al. 2003), and 

jack pine (Pinus banksiana; Godbout et al. 2010 ). In particular, genetic differentiation of black 

bears in this study were along similar geographic regions found in New England fisher 

populations (Martes pennanti), despite its own history of steep population declines and 
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management manipulations (Hapeman et al. 2011). Thus, the observed large-scale patterns of 

gene flow and genetic structure in northeastern black bears may reflect patterns pre-dating 

human-induced population declines.  

Identifying migrants in addition to boundaries of genetic clusters is informative about 

gene flow and population structure across the landscape. Detecting dispersal events and 

migration rates in species with large ranges of movement with direct observations may be 

logistically difficult, thus making genetic approaches appealing. The low estimates of recent 

migration rates between genetic clusters (0.04) in comparison to within clusters (0.85) is 

consistent with observed patterns of population growth and bidirectional dispersal within certain 

genetic clusters. Specifically, movement of bears between northern New Jersey and the Catskills 

of New York (i.e., within Cluster 3) observed and a previous genetic study supported a 

genetically intermixed population (Huffman and Ombrello 2010), and also between northern 

Pennsylvania and the Allegany range of New York (i.e., Cluster 4) (NYSDEC 2007). I detected a 

limited number of individuals in each of the New York historical ranges with admixture patterns 

that indicate they were first or second generation migrants from other genetic clusters - notably, 

putative migrants and progeny of migrants within the last 2 generations outwards from the 

Catskills into the Adirondacks and Allegany ranges. The asymmetric migration is consistent with 

the relatively higher bear densities in the Catskills (NYSDEC 2014), and potential density-

dependent dispersal (Costello 2010) leading to the population growth and range expansion in the 

Catskills and Allegany ranges that have been observed since the 1990s (NYSDEC 2007). Also, 

one individual in the Catskills had admixture patterns of the genetic cluster that included 

Connecticut and Vermont. Therefore, while dispersal and movement are not synonymous with 

gene flow, individuals with admixture patterns of a neighboring genetic cluster indicate that the 
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physiogeographic attributes described above are not impermeable barriers to gene flow. 

Continued genetic monitoring may help determine, identify new patterns of gene flow that 

emerge as anthropogenic land use continues to alter the landscape (Evans et al. 2018), and 

importantly, can guide the scale and extent of future population-level sampling and inferences. 

Population structuring and limited gene flow between genetic clusters or regions may justify 

separate monitoring and estimation of population trends for each region. 

To the extent that individuals within genetic clusters disperse across political boundaries 

and contribute to local population growth or expansion into areas with higher human density, 

associated human-bear interactions may also become more frequent. Common management 

responses to growing populations include hunting and translocation techniques (Hristienko and 

McDonald 2007). While hunting is a population-level management technique that depends on 

the participation and success of the hunter population and occurs only during a particular time in 

the year, translocations are a targeted technique to manage individual bears, usually due to a 

specific human-bear interaction, and may be more socially accepted in human populated areas 

(Carlos et al. 2009). However, moving a bear several hundred kilometers, i.e., at or beyond the 

typical range of dispersal (Alt et al. 1980, Rogers et al. 1986,) could facilitate migration and gene 

flow into a neighboring genetic cluster that might not otherwise occur (Van Den Bussche et al. 

2009, Comly-Gericke and Vaughan 1997). Given that translocations have also been conducted to 

augment and rescue black bear populations (Puckett et al. 2014, Pelletier et al. 2017), successful 

translocations for reducing negative human-bear interactions in one location may have the 

unintended effect of contributing to range expansion in another. Furthermore, translocations 

could have consequences on not only gene flow but also the likelihood of a bear’s return to its 

original location, with poor or unfamiliar environment conditions in the new genetic cluster 
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potentially stimulating homing and navigational behavior back to its familiar home range 

(McArthur 1981). Success rates of black bear translocations vary, and environmental conditions 

and landscape features correlated with genetic clusters could interact with known factors such as 

age, sex, and relocation distance (Landriault et al. 2009) to influence homing behaviors. For 

example, relocating a nuisance juvenile male bear from the border of the Catskills range in New 

York in a south or southeast direction to stay within the same genetic cluster may be more 

effective than moving westwards towards the physiogeographically distinct Allegany genetic 

cluster. The inferred genetic boundaries in this study may therefore inform the choice of release 

site for translocations to facilitate effective reductions in negative human-bear interactions for 

bear management.  

Few estimates of effective population size (Ne) for eastern North American black bears 

exist in the literature (but see Hellgren and Vaughan 1989, Huffman and Ombrello 2010, 

Pelletier et al. 2017). Consistency in the estimated Ne of 130 bears for combined New Jersey and 

Catskills with estimates reported for northern New Jersey (Huffman and Ombrello 2010) lends 

support to our Ne estimates, although underestimates are possible because assigning samples to 

post hoc populations when the distribution is actually continuous or clinal on the landscape can 

lead to mixture linkage disequilibrium (LD) masquerading as gametic LD (Neel et al. 2013, 

Gilbert and Whitlock 2015, Wang et al. 2016). Ne is indicative of the magnitude of genetic drift 

and population persistence, decreasing with fluctuating population sizes, skewed sex ratios, and 

variable reproductive success, all of which can be influenced by harvest (Harris et al. 2002, 

Allendorf et al. 2008, Kuparinen et al. 2016). The ratio of Ne to the comparably larger census 

population size (Ne /Nc <1) may reveal the magnitude of cryptic vulnerabilities to environmental 

stochasticities and harvest (Hare et al. 2011). Even when census population sizes are large and 
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viability is not a concern, small ratios (i.e., ≲ 0.10 for many terrestrial populations) (Vucetich et 

al. 1997, Palstra and Fraser 2012) may justify maintenance of large census population sizes or 

motivate an assessment of how harvest regulations could be changed to increase the ratio. In 

New York, the estimated Ne’s resulted in low Ne/Nc ratios. In the Catskills and Allegany Ranges, 

the ratios are Ne/Nc = 0.03 and Ne/Nc = 0.09 respectively, based on estimates of Nc = 3,311 and 

2,025 from Chapter 4 of this dissertation, respectively. In the Adirondacks, Ne/Nc = 0.03 – 0.04 

based on an Nc = 3,000 – 4,800 estimated by the New York State Department of Environmental 

Conservation (NYSDEC 2007). Monitoring Ne over time and space sheds light into differences 

between actual and perceived population trends (Garshelis and Hristienko 2006). Thus, Ne and 

Ne/Nc can inform management even for northeastern US black bear populations, which have 

exhibited resiliency to habitat loss and human impacts.  

As expected, I detected higher levels of Fst differentiation in mitochondrial markers than 

in microsatellite markers, consistent with a smaller effective population size and faster rate of 

lineage sorting for the former. Stronger patterns of hierarchical structure in mitochondrial 

variation than in microsatellite also potentially reflect sex differences in the spatial scale of gene 

flow (Pelletier et al. 2011), with females dispersing shorter distances than males. However, 

patterns were still generally concordant between the two markers, and much of their difference 

could be a function of differences in effective population size and mutation rates. This suggests 

that although females exhibit philopatry, the dispersal difference between sexes is not so extreme 

or consistent over time as to create large discordance between the data types (Zink and 

Barrowclough 2008). Indeed, female bears in Michigan have been documented to disperse as far 

as males, ranging several hundred kilometers in both sexes (Moore et al. 2014). Even patterns of 

elevated differentiation with the genetic cluster with Connecticut and Vermont are concordant 
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across genetic markers, which likely reflects demographic events that merit future investigation 

since there is no reason to expect females to be more philopatric and males farther dispersing in 

that cluster than in others.    

Opportunistic sampling from research, nuisance, and harvested bears allowed us to 

include more samples across a broader spatial extent than otherwise possible. Large-scale 

patterns of genetic structure that I identified can inform where to spatially target sampling in the 

future to generate a distribution of geographic comparisons, including both within and beyond 

dispersal distances, to be more informative about finer scale landscape genetic structure and 

patterns of IBD (Draheim et al. 2015) and to more precisely delineate genetic clusters. We 

recommend that, where possible, future sampling prefer genetic material collected from 

harvested bears, such as tooth samples that hunters submit for aging purposes. Age data, coupled 

with fine-scale spatial data, facilitate parentage and dispersal analyses and are informative about 

population structure that can be accounted for when estimating effective population size and 

gene flow. Harvested bears may also provide a larger spatial extent and representation of the 

population when resources for other sampling methods are limited, despite variable hunter effort 

and regulations that may bias the age classes vulnerable to hunting. Furthermore, relatedness 

between harvested bears will likely be less than in bears collected from more systematic, intense 

sampling, thus reducing the number of bears that need to be removed from the dataset. In New 

York, whereas I removed only n=2 individuals to reduce overrepresentation of relatedness from 

harvest samples, I removed the greatest number of related individuals (n=16) from samples that 

came from intense sampling originally conducted for census size estimation. Lastly, the residual 

blood and gum tissue from tooth samples of harvested bears may also yield greater quantities and 

better quality DNA material than fatty skin samples or noninvasively collected hair or scat 



 

24 
 

samples. Whether opportunistic or systematic, collecting samples with a range of methods is 

advantageous because black bear research and monitoring programs vary spatially and by state.  

Our broad geographic sampling enabled the first evaluation of black bear genetic 

structure across the northeastern United States, where they are a game species and therefore 

subject to management that can influence not only population abundance but also genetic 

variation. Even with growing census sizes and nearly continuous distributions, patterns of 

genetic structure were found that can inform spatially explicit management. I identified regional 

population substructure and interpreted it as pre-disturbance patterns that have persisted within 

the meta-population despite a prolonged history of human impacts on population abundance, 

distribution, and landcover. Genetic clusters crossed political boundaries, with long-standing but 

relatively weak differentiation between some management units and high gene flow between 

others. Therefore, effective management within and between spatially proximate jurisdictions 

may consider both census population units as well as processes of gene flow.  
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Figures and Tables 
 

 

Figure 1.1. Location of teeth, hair, and tissue samples of American black bears (Ursus 
americanus) collected across 70 counties in 9 states in the northeastern United States used for 
genetic analysis, including Maine, New Hampshire, Vermont, Connecticut, New York, New 
Jersey, Pennsylvania, Maryland, and West Virginia. Thin black borders represent state lines; 
gray borders represent counties. Shaded colors correspond to the number of samples collected 
per county. Thick red, black, and blue regions of New York correspond to the Adirondack, 
Catskills, and Allegany ranges, respectively.  
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Figure 1.2. Patterns of microsatellite admixture with K=5 in STRUCTURE using sampling 
location as a prior, for samples of n=212 black bears collected across 9 states in the northeastern 
US. Samples were subsequently grouped into K=5 genetic clusters based on the majority 
admixture patterns: 1) Maine, New Hampshire and Adirondacks; 2) Connecticut and Vermont; 
3) New Jersey and Catskills; 4) Pennsylvania and Allegany; 5) Maryland and West Virginia.  
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Figure 1.3. Mitochondrial haplotype network for n=364 bears collected across 9 states in the 
northeastern US, based on a 438bp length sequence including Cyt-b and the D-loop. Numbers 
indicate the haplotype (Appendix Table 3), while color indicate sampling population and circle 
area represents relative haplotype frequency. 
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Table 1.6. Number of black bear samples collected and analyzed per sampling location across 9 
states in the northeastern US. 

Sampling Location Collected Microsatellite Mitochondrial 
Maine  49 25 48 
New Hampshire 15 6 14 
Vermont 5 4 5 
Connecticut 21 13 21 
New York 216 101 175 
Adirondacks 57 16 58 
Catskills 59 30 47 
Allegany 100 55 70 
New Jersey 13 6 12 
Pennsylvania 28 6 28 
Maryland 49 39 45 
West Virginia 19 12 16 
Total 415 212 364 
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Table 1.7 Microsatellite summary statistics by sampling location (i.e., state and historical range 
in New York) and genetic cluster, for samples from n=212 black bears collected across 9 states 
in the northeastern US. Sampling locations were grouped into genetic clusters according to 
admixture patterns according to inferred ancestries in Figure 2. Values are estimated from 10,000 
bootstrap iterations. Allelic richness is based on sample sizes indicated in Table 1. Bolded FIS are 
significantly different from 0. 

Sampling Population 
(Genetic cluster) 

Overall 
H_exp 

Allelic 
Richness 

Private 
Alleles 

FIS ( 95% CI) 

(1) Maine  0.81 4.5 3 -0.22 (-0.60 - -0.22) 
(1) New Hampshire 0.74 4.0 1 0.04 (-0.03 – 0.07) 
(2) Vermont 0.62 2.9 0 0.13 (0.06 – 0.17) 
(2) Connecticut 0.67 2.7 1 -0.08 (-0.35 – -

0.05) 
(1) Adirondacks, New York 0.78 4.3 0 0.10 (-0.03 – 0.16) 
(3) Catskills, New York 0.77 4.0 1 0.16 (0.08 – 0.20) 
(4) Allegany, New York 0.76 4.2 4 0.02 (-0.04 – 0.05) 
(3) New Jersey 0.62 3.1 0 0.11 (-0.07 – 0.14) 
(4) Pennsylvania 0.60 3.4 0 -0.11 (-0.42 - -0.03) 
(5) Maryland 0.75 4.1 1 0.15 (-0.04 – 0.25) 
(5) West Virginia 0.71 3.8 1 0.05 (-0.12 – 0.10) 

Genetic Cluster Overall 
H_exp 

Allelic 
Richness 

Private 
Alleles 

FIS ( 95% CI) 

1 0.83 8.2 5 0.09 (-0.04 – 0.12) 
2 0.68 4.7 1 0.10 (-0.06 – 0.19) 
3 0.77 6.5 2 0.16 (0.09 – 0.20) 
4 0.75 6.9 4 0.02 (-0.04 – 0.05) 
5 0.75 7.0 2 0.12 (0.06-0.16) 
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Table 1.3. Hierarchical structure in genetic variation (AMOVA results) by genetic cluster and county, for microsatellites (n = 212 
bears) and mitochondrial (n = 364 bears) data collected in 9 states across the northeastern US. All were statistically significant at 
p=0.01 level. Df is degrees of freedom; SSD is sum of squared deviations; MSD is mean squared deviation; σ is variance; and ΦST is 
the degree of differentiation between divisions.  

Variance Component Df SSD MSD σ Proportion  ΦST 
Microsatellite 
Between clusters 4 147.0 36.8 0.27 3.3 0.03 
Between counties within clusters 45 436.8 9.7 0.24 2.9 0.03 
Between bears within counties 162 1325.9 8.2 0.57 7.1 0.08 
Within bears 212 1492.0 7.0 7.3 87 0.13 
Mitochondria 
Between clusters 5 102.7 20.5 0.22 12.3 0.12 
Between counties within clusters 63 234.6 3.7 0.59 32.3 0.37 
Within counties 295 294.0 1.0 1.0 55.0 0.45 
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Table 1.4. Pairwise Fst between 5 genetic clusters identified for samples of black bears collected 
in 9 states across the northeastern US. Microsatellite estimates are presented below the diagonal 
(n = 212 bears), mitochondrial estimates above the diagonal (n = 364 bears). Genetic clusters are 
as described in Table 1.2.  

 1 
 ME-NH-Adk 

2  
CT-VT 

3 
 NJ-Cat 

4  
PA-Alg 

5  
MD-WV 

1 ME-NH-Adk - 0.39 0.13 0.07 0.18 
2 CT-VT 0.05 - 0.53 0.47 0.66 
3 NJ-Cat 0.03 0.08 - 0.1 0.05 
4 PA-Alg 0.03 0.08 0.05 - 0.11 
5 MD-WV 0.03 0.08 0.05 0.03 - 
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Table 1.5. Estimates of effective population size, Ne, and p values for evidence of bottlenecks in genetic clusters of black bears under a 
strict stepwise (SMM) or two-phase mutation models with varying proportions of single step mutations, based on results from 
Bottleneck and M-Ratio programs. Regions in genetic clusters are as follows: 1) Maine, New Hampshire, and Adirondacks (New 
York); 2) Connecticut and Vermont; 3) New Jersey and Catskills (New York); 4) Pennsylvania and Allegany (New York); and 5) 
Maryland and West Virginia. The “a” and “b” subscripts indicate variances in multistep size of 4 and 9, respectively. There was no 
evidence of bottleneck below 50% proportion of single step mutations in Bottleneck, and no evidece below 90% in M-Ratio.  

 𝑵𝑵𝒆𝒆�  Bottleneck M-Ratio 
Genetic  
Cluster Estimate 95% CI SMM 50% a 70% a 50% b 70% b 90% b 90% 95% 

1 1060 174 - ∞ 0.28 <0.01 <0.01 <0.01 <0.01 0.01 0.52 0.24 
2 58.1 18.8 - ∞ 0.78 0.1 0.31 0.02 0.25 0.38 <0.01 <0.01 
3 130.3 57.5 - ∞ 0.81 0.05 0.14 <0.01 0.05 0.38 0.15 0.04 
4 156 77.3 - 1062 1 0.65 0.69 0.31 0.65 0.81 0.26 0.1 
5 ∞ 249.6 - ∞ 0.95 0.69 0.75 0.28 0.72 0.81 0.23 0.08 
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Table 1.6. Matrix of recent migration rates between and within genetic clusters using BayesAss (posterior mean with 1 SD deviation), 
with microsatellite data of n=212 black bears collected from 9 states across the northeastern US. The columns represent the genetic 
clusters where samples were collected, while rows represent the inferred origin for BayesAss migrants. Genetic clusters are as 
described in Table 2. Asterisked rates indicate significantly greater than 0. 

  1 ME-NH-Adk 2 CT-VT 3 NJ-Cat 4 PA-Alg 5 MD-WV 
1 ME-NH-Adk 0.700 (0.019)* 0.054 (0.022)* 0.072 (0.024)* 0.13 (0.03)* 0.044 (0.023) 
2 CT-VT 0.033 (0.023) 0.879 (0.038)* 0.026 (0.021) 0.035 (0.025) 0.027 (0.022) 
3 NJ-Cat 0.012 (0.011) 0.014 (0.013) 0.898 (0.031)* 0.018 (0.016) 0.057 (0.028)* 
4 PA-Alg 0.007 (0.007) 0.026 (0.015) 0.039 (0.016)* 0.917 (0.022)* 0.01 (0.01) 
5 MD-WV 0.008 (0.008) 0.018 (0.015) 0.031 (0.02) 0.077 (0.032)* 0.866 (0.036)* 
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Table 1.7. Mitochondrial summary statistics for each genetic cluster, for n=364 black bears across 9 states in the northeastern US. 
Genetic clusters are as described in Table 2. n is sample size. Tajima’s D and R2 statistics test for evidence of population bottlenecks 
through departures from neutral expectations based on numbers of pairwise differences and segregating sites. The latter statistic has 
been found to be robust for small sample sizes. *Tajima’s D was significant for genetic cluster 2 (p = 0.04). 

Genetic 
Cluster 

n # Hap- 
lotypes 

# Private 
haplotypes 

Haplotype 
diversity (SD) 

Nucleotide 
diversity (SD, e-04) Tajima’s D R2 

1 120 17 9 0.90 (0.011) 0.06 (3) -0.52 0.08 
2 26 4 0 0.22 (0.011) 0.001 (4) -1.31* 0.10 
3 59 7 2 0.66 (0.002) 0.003 (5) -0.38 0.09 
4 98 8 2 0.60 (0.002) 0.003 (5) -0.89 0.06 
5 61 4 2 0.54 (0.024) 0.001 (2) -0.94 0.09 
Overall 364 24 15 0.82 (0.014) 0.004 (2) -  - 
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CHAPTER 2 DESIGNING CITIZEN SCIENCE DATA COLLECTION FOR INTEGRATED 
POPULATION MODELING 

 
Abstract 
Management and conservation decisions for animal populations often require data at sufficient 

geographic, temporal, and demographic resolutions for precise and unbiased estimates of 

parameters, including population size and demographic rates. Commonly, resources are lacking 

for such large-scale data collection efforts. Citizen science has emerged as a cost-efficient 

method to collect population-level data across large spatiotemporal extents. However, citizen 

science datasets may be underutilized in studying landscape-wide patterns if sampling designs do 

not anticipate the range of statistical analyses that may be required of the data. In addition to 

standalone analyses, citizen science presence-absence data may be jointly analyzed with other 

data sources in recently developed integrated models that estimate population-level parameters. I 

describe the development and early results of iSeeMammals, a citizen science project that was 

designed with the specific intention of use in an integrated population model to supplement 

systematically collected spatial-capture recapture data. iSeeMammals collects opportunistic 

presence-only and presence-absence data on the black bear population in New York State by 

enlisting volunteers to collect data through observations, hikes, and trail cameras. I explore how 

opportunistic citizen science datasets, such as those collected with iSeeMammals, may be used in 

existing integrated models and I identify areas for further development and investigation in 

integrated models to accommodate more citizen science datasets.  

Introduction 
Monitoring and estimating population abundance, density, and dynamics including 

survival and recruitment rates are critical for detecting changes in population structure, growth 

rate, and extinction risk. (Beissinger and Westphal 1998). However, identifying population 



 

51 
 

patterns over large landscapes is difficult due to limited resources for sampling. Datasets may 

cover spatial or temporal extents that insufficiently represent population patterns or have sparse 

or poor demographic resolution, thereby losing fine scale patterns and heterogeneity (Ashcroft et 

al. 2009). The result is that species, especially those that occur at low densities or over wide 

distributions, may be managed without sufficient information on population status or trends. 

Citizen science and volunteer-monitoring approaches are increasingly used to study and 

monitor wildlife populations across wide spatial distributions and timeframes (Bonney et al. 

2009). Public participants or volunteers, which I call citizen scientists, organize over space and 

time into large networks often facilitated by technology (Graham et al. 2011, Burr et al. 2014, 

Land-Zandstra et al. 2016, Venturelli et al. 2017) to help professional scientists study a variety of 

ecological patterns, including species distribution (Kéry et al. 2010), population dynamics (Sauer 

et al. 2013), and changes in phenology (Bonney et al. 2009, Dickinson et al. 2012, McKinley et 

al. 2017). In this way, citizen science can cost-effectively expedite data collection to gain 

ecological knowledge at spatial and temporal scales not feasible with traditional, intense 

systematic sampling (Bradter et al. 2018). By this definition, harvest data that management 

agencies collect to estimate minimum population sizes (Davis et al. 2007) and track population 

trends are also citizen science data. Although  a citizen science  project may have multiple 

objectives, from monitoring for management and conservation to raising public awareness 

(Tulloch et al. 2013, Follett and Strezov 2015), I focus on the sampling design aspect of citizen 

science as it pertains to data collection for the objective of gaining ecological knowledge and 

making population-level inferences about wildlife. 

Two common data types for studying population distributions are spatially referenced 

presence-absence and presence-only data on individuals or focal species. Both are accessible to 
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citizen science methodologies (Boyce and Corrigan 2017, Pocock et al. 2017, Parsons et al. 

2018). Citizen science data may be collected opportunistically, i.e., at locations and times that 

are not pre-determined, or systematically, i.e., at locations and times predetermined usually by 

professional scientists. The absences in presence-absence data, i.e., when and where individuals 

or species are not detected, are informative about search effort or detection probability and 

therefore important for accurate estimates of population parameters including abundance and 

distribution (MacKenzie 2005). Angler diaries and hunting logs that record catch and take as 

well as effort and amount of time spent afield are examples of presence-absence data that 

management agencies may already be collecting. However, opportunistic, species-level 

presence-only data comprise the majority of citizen science datasets because they require less 

organized planning and effort to collect (Bradter et al. 2018). Examples of presence-only data 

include harvest data from hunters reporting their takes to management agencies, sightings of 

roadkill (Shilling and Waetjen 2015) and occurrences of wildlife taxa submitted to the iNaturalist 

platform (iNaturalist 2018). Absence data may be inferred by assuming that observations are 

complete and unreported individuals and species were truly not detected (Kéry et al. 2010) or 

drawn from the background landscape as pseudo-absences in maximum entropy modeling (Elith 

et al. 2011) assuming random sampling and constant detection probability (Royle et al. 2012). 

Therefore, beyond the purposes of documenting naïve distribution, presence-only data require 

additional modeling efforts to account for the lack of absence data (Royle et al. 2012, Yackulic et 

al. 2013). So while it is possible to infer absences and model presence-only data, citizen science 

efforts would benefit by collecting and analyzing presence-absence data whenever possible 

(Brotons et al. 2004).  
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As with any other method of scientific investigation, the ability to draw inferences from 

citizen science data depends on collection method and type, quality, and quantity of data. 

Techniques including volunteer training, data filtering, and stratifying help maintain data quality 

(Kosmala et al. 2016), while models often must still account for variation in detection probability 

stemming from observers’ expertise levels (Moyer-Horner et al. 2012, Johnston et al. 2018, 

Cruickshank et al. 2019), or spatial and temporal biases in reporting and sampling (Dickinson et 

al. 2010, Mair and Ruete 2016). Trade-offs between multiple objectives of citizen science 

projects can also occur (Chase and Levine 2016), potentially compromising data quality. 

Furthermore, realities of attracting and retaining citizen scientist participation (Beirne and 

Lambin 2013, Rotman et al. 2014) add an unpredictable temporal element to sampling that can 

make it difficult to know when sufficient quantities of data will be collected, potentially causing 

premature or delayed data analyses. Finally, the participatory nature of many citizen science 

projects also makes it possible to raise and address unanticipated post-hoc research questions that 

citizen scientists subsequently propose themselves (Bonney et al. 2016). As a result, over the 

course of a citizen science project, mismatches may develop between the implemented sampling 

design, collected data, and appropriateness of analyses. 

With the increasing prominence of citizen science (Follett and Strezov 2015), a growing 

array of statistical methods are emerging that analyze or accommodate citizen science data 

(Kelling et al. 2012, Fink et al. 2011), including integrated models (Robinson et al. 2018, Zipkin 

and Saunders 2018). Integrated models jointly analyze multiple datasets to estimate population 

parameters including abundance and patterns such as movement. Integrated models that also 

estimate population dynamics (e.g., population growth, and survival and recruitment rates) are 

more specifically referred to as integrated population models, but I use the term “integrated 
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models” to generally refer to both. With multiple datasets about a population’s demographic 

processes, integrated models can often estimate more parameters of ecological interest and 

produce more precise and less biased estimates (Besbeas et al. 2002, Chandler and Clark 2014, 

Sun et al. 2019). Integrated models can also salvage datasets that alone might be too small or 

sparse to precisely estimate desired parameters. Just as systematic data, opportunistic data also 

contain information about population structure (Robinson et al. 2014), so incorporating citizen 

science data in integrated models can potentially improve parameter estimation. Some recently 

developed spatially explicit integrated models have incorporated opportunistically collected 

individual and species level presence-absence data (Tenan et al. 2017, Sun et al. 2019). The 

greater spatial and temporal extents of citizen science datasets can also expand the 

spatiotemporal extent of inference (Sun et al. 2019). The increasing availability of citizen science 

datasets partially motivates the ongoing development of integrated models. 

Given the generally limited resources available to sample large spatiotemporal extents 

and recognizing the gains in ecological inference that citizen science can offer, I propose that 

citizen science data collection be designed with the anticipation that datasets may be applied in 

integrated models. Namely, I encourage sampling designs that collect both spatially referenced 

presence-absence and presence-only data to increase the possibility for coordination with other 

datasets. By designing data collection from the outset in this way, citizen science datasets may be 

used more frequently and repeatedly in rigorous analyses to produce knowledge and inform 

management and conservation (Follett and Strezov 2015). Such an approach may also enable use 

of the data earlier in the tenure of a citizen science project.  

To illustrate how citizen science programs can be designed to collect species-level data 

with an intention for use in integrated models, I describe the development and initial results of a 
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citizen science project called iSeeMammals that launched in New York in 2017. iSeeMammals 

opportunistically collects both species-level presence-only and presence-absence data from one-

time observations, hikes, and trail cameras on the American black bear (Ursus americanus) in 

New York. iSeeMammals is web based and has a smartphone application to facilitate data 

collection. I created iSeeMammals in order to collect both presence-absence and presence-only 

data, which was not possible on pre-existing citizen science project platforms.  

Approximately 6,000 – 8,000 black bears inhabit New York (New York State 

Department of Environmental Conservation, (NYSDEC) 2007), with the population growing 

since the 1950s. Previous studies to estimate black bear density and distribution in New York 

have been conducted only at relatively small spatial extents (Gardner et al. 2010, Sun et al. 

2017), and landscape-wide inferences are difficult due to the wide distribution of black bears and 

large ranges of individual movement (Samson and Huot 1998, Moore et al. 2014). Furthermore, 

many areas were un-sampled in systematic data collection efforts across an approximately 

40,079 km2 study region of southern New York from 2015 to 2018. 

The purpose of iSeeMammals was therefore to collect presence-only and presence-

absence data on black bears in New York with the explicit intention of supplementing intense, 

traditional systematic sampling. The iSeeMammals project assists in ongoing research on the 

growing black bear population size and distribution in the state. I point to a first application of 

iSeeMammals that has improved population estimation, and discuss how iSeeMammals and can 

be used as an example for other citizen science projects in how to connect systematically 

collected data and citizen science data to inform robust models for improved population-level 

inference.  
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Study area 
Major landcover types across New York included deciduous (37%), coniferous (9%) and 

mixed (7%) forests, developed areas of varying intensity (9%), and agriculture (22%, primarily 

hay, pasture, soy, and corn) (NLCD 2011). Elevation of the state ranges from 0 m – 5,344 m, 

with average annual precipitation of 106 cm. Medium to large mammals common in New York 

include American black bear (Ursus americanus), bobcat (Lynx rufus), eastern coyote (Canis 

latrans), gray and red fox (Urocyon cinereoagenteus and Vulpes vulpes), white-tailed deer 

(Odocoileus virginianus), weasel species (Neovison and Mustela spp.), raccoon (Procyon lotor), 

skunk (Mephitis mephitis), and American porcupine (Erethizon dorsatum). 

Methods 
I sought members of the public across New York to participate in iSeeMammals by 

submitting data on black bears from one-time observations, hikes, and trail cameras. One-time 

observations of bears or bear signs (scat, tracks, hair, and markings) provided presence-only data 

while hikes and cameras provided presence-absence data by explicitly describing where and 

when bear or bear signs were and were not observed. I created a website 

(www.iseemammals.org) and an eponymous smartphone application (app) for free download for 

both iPhone (Apple, Inc., Cupertino, CA, USA) and Android (Google, Inc., Mountain View, CA, 

USA) systems to assist in data collection (Figure 2.1). Participants were recruited through public 

outreach events, multimedia advertisements, interviews, and press releases that preceded and 

continued after the launch of the app. Users could participate and create an account on either the 

website or app. Creating an account was not required to submit data, but was encouraged to help 

facilitate data provenance and so that users could keep track of their submissions. I included a 

Privacy Policy that users were required to agree to before participation, indicating that data 

would be held in confidence in a private database, communicating that any data shared would be 
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represented in aggregate without spatially specific details, and promising that personally 

identifying information would not be shared, sold, or distributed.  

One-time Observations  
Users could submit and view one-time observations with the website and app. I 

encouraged users to include a photograph, especially of bear sign with their observation, 

although it was not required. Users provided the time and GPS coordinates of the observation, by 

confirming either the photograph metadata, the current time and location obtained by the app, or 

by manually entering a time and moving a pin on a map. iSeeMammals also required answers to 

questions about the observation type (bear, scat, track, hair, or marking), confidence in 

identification (could be anything, might have been [a bear], probably was, or confident), and 

number of people present for the observation, which would provide information for filtering data 

and quantifying detection effort. Users could also provide an optional text description to 

elaborate on the observation.  

Hikes  
Users could submit data from hikes through the app and view them on both the app and 

website. When collecting hike data, the app recorded GPS route coordinates at approximately 

500 m increments to prevent excessive battery drainage during long hikes. Users could also 

submit observations with the app during a hike. Users stopped the app’s hike feature upon 

completing the hike and were then prompted to complete mandatory fields confirming the hike 

route by visual inspection of a map that iSeeMammals generated, the start and stop times of the 

hike extracted from the recorded GPS coordinates, the number of people in the hiking party, and 

the likelihood of returning at a later date to repeat the hike, which provided an indication of 

anticipated temporal replication for estimating detection probability. Users could also attach any 

observations taken during the hike and provide an optional text description to elaborate on the 
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hike.  

Trail Cameras 
Users could register a trail camera on the app and website, but needed to use the app to 

collect the GPS coordinates of the trail camera. iSeeMammals made no requirements about site 

selection or camera settings, but provided suggestions that would improve data quality- 

recommending field edges, trails, ponds, and other topographical pinchpoints as camera sites, a 

camera height of approximately 1 m above ground (angled down if set higher), north-south 

camera alignment to minimize false triggers due to sunlight, and an interval of 2 weeks between 

checking cameras. When setting up the trail camera on the app, users were required to manually 

enter the camera brand and model, name the camera site, and select which hours in the day the 

camera was scheduled to operate (24 hours, 3 hour segments between 6 am to 9pm, or 9 pm to 6 

am).  The user could also provide an optional text description of the camera and site. The app 

and website could be used to start, end, and restart trail camera periods. I refer to intervals 

between pairs of start and end times as a “period”. When users ended a period, iSeeMammals 

required confirmation of the dates during which the camera operated, times of day the camera 

was scheduled to operate, and which days if any that the camera malfunctioned. iSeeMammals 

also asked if bears were detected on the camera as a reminder that the website was necessary to 

submit photographs of bears. A lack of bear photographs provided absence/non-detection data 

during the camera period.  

I summarized the iSeeMammals data collected between 19 February 2017 and 31 

October 2017. I rejected one-time observations lacking spatial data or if species identification 

was incorrect based on the provided photograph, and removed duplicates based on photographs 

and descriptions. I rejected hikes that were described as inaccurate by the user, were less than 1 

minute in duration, had < 2 sets of GPS coordinates, or were duplicate entries of another hike. 
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Duplicate hikes were considered errors as they must not have physically occurred but rather were 

generated when a user changed the start and end times of a hike to be the same as another hike of 

the same route. I rejected trail camera data if they lacked spatial data or monitored a location < 1 

day. These filters allowed us to minimally discard data while removing entries that were most 

likely to be false or errors. If trail cameras were still operating on 31 October 2017, I ended the 

entry period and assumed no malfunctions and no pictures of bears were collected. For each 

collection method, I calculated summary statistics and describe data filtering, data quality, and 

spatial patterns.  

I collected iSeeMammals data to supplement systematic data collection that was already 

occurring during the summers (June to August) of 2015 to 2018. At 180 – 242 research sites 

across approximately 40,079 km2 in southern New York, biologists and researchers from the 

New York State Department of Environmental Conservation (NYSDEC) had constructed and 

were monitoring research sites to collect individual-level spatial capture-recapture data and 

species-level presence-absence data with barbed wire hair snares and trail cameras, respectively. 

The overall objective was to estimate spatial patterns in black bear density and distribution 

across southern New York. 

Results 
iSeeMammals had 712 users register within the first 10 months. Of those, 624 users 

(88%) activated their accounts, which involved clicking on an email link sent after registration. 

At least 126 users (18%) submitted a total of 461 independent sets of spatial data in New York, 

with the majority being one-time observations (63%).  

iSeeMammals collected 373 one-time observations, including all types of sign (bear, scat, 

tracks, hair, and markings) (Table 2.1). The first observation was submitted on 19 February, 

2017. I accepted 339 (91%) observations, rejecting 2 rescinded by citizen scientists due to 
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incorrect information, 14 misidentifications of non-target species, 8 duplicates, and 10 with no 

spatial information. A greater proportion of accepted observations reported confident 

identification (100%) compared to rejected observations (72%) (exact test: 2-tailed P < 0.001). I 

removed 49 accepted observations (14%) from Pennsylvania, resulting in 290 observations 

(86%) accepted from 38 New York counties, within a 95% MCP of 113,392 km2. Users included 

photographs in 222 observations (77%), of which 25 were actually from trail cameras but were 

considered presence-only data rather than official presence-absence data from trail camera data 

because no information about the camera period was included. A greater proportion of 

observations with photographs (41%) reported bear signs rather than bears compared to 

observations without photographs (6%) (exact test: 2-tailed P < 0.001). Average party size was 

1.6 persons, with most observations (88%) submitted by parties of 1 or 2 people (150 and 105 

observations, respectively).  

iSeeMammals collected 103 hikes (Table 2.1), with the first hike submitted on 29 March, 

2017. I rejected 49 hikes due to user-identified GPS inaccuracy, 5 hikes that were duplicate 

entries, 3 hikes with 0 or 1 pair of GPS coordinates, and removed 2 hikes that were collected in 

Pennsylvania. The remaining 44 accepted hikes were collected in 8 counties in New York within 

an MCP of 25,400 km2 and logged a total of 82.3 hours with an average hike time of 1.9 hours 

(maximum 4.7 hours). Hikes collected an average of 24 GPS route locations (range: 3 – 138) 

(Figure 2.2). The majority of hikes (37 hikes, 84%) had only 1 person, and most indicated they 

would likely return to the same hike again in 3 months (38 hikes, 86%). A total of 18 hikes 

(41%) attached observations, with an overall average of 0.67 observations per hike. All hike 

observations were submitted with confidence. Hike routes provided a total 1,264 spatial 

presence-absence data points. 
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iSeeMammals collected 153 periods of camera operation (Table 2.1), with the earliest 

starting on 30 April, 2017. I rejected 3 camera periods with inaccurate GPS locations, resulting 

in 150 camera periods at 81 locations, of which I removed 23 periods at 18 locations in 

Massachusetts. The remaining 127 periods at 63 locations across 12 counties in New York 

within an MCP of 86,372 km2 (Figure 2.2) were scheduled to operate continuously during each 

period. However, 2 cameras malfunctioned a total of 14 days and 4 cameras were operational for 

< 1 day (3%), resulting in 350 camera days collected. Cameras operated an average of 57 days 

per location (range: 6 – 153 days). iSeeMammals collected 834 photographs of bears from 33 

camera locations in New York, providing presence-absence data with an average of 25 

photographs per location (range: 1 – 134 photographs), while the remaining 30 of 63 cameras did 

not detect black bears and therefore provided only absence data. 

Discussion 
I designed iSeeMammals to collect data that would be used in integrated models to 

estimate black bear population patterns. Specifically, our approach enabled the collection of 

presence-absence data from hikes and trail cameras, which are congruent with current 

formulations of integrated models. The large spatiotemporal extent of citizen science data 

collection also contributes to its value in supplementing systematic sampling. Compared to 

systematic sampling at 241 sites in New York in 2017, iSeeMammals increased the quantity of 

data collected by 6.8-fold, the spatial extent by 3.7-fold, and the temporal extent by 2.4-fold 

compared to the concurrent systematic data collection (Figure 2.2). This represented an 

unprecedented case of coordinated presence-absence data collection on black bears across New 

York. The presence of all three submission types, i.e., observations, hikes, and trail cameras, 

from outside New York also underscores the potential for spatially extensive citizen science data. 

By designing citizen science programs with the intent to collect data for use in integrated models, 



 

62 
 

I may deepen our understanding of wildlife population patterns across large landscapes and 

improve our ability to monitor and manage wildlife populations.  

Opportunistic species-level presence-absence data can be used to estimate population 

occurrence and dynamics (i.e., Davies et al. 2012, Crum et al. 2017). For example, presence-

absence data from citizen science trail cameras could be used to model occupancy and 

distribution of black bears. Presence-absence data from hikes could be analyzed in a distance 

sampling framework to estimate population density (Buckland et al. 2012), or used in occupancy 

models with Markovian spatial dependence (Hines et al. 2010) or discretized grid cells (Russell 

et al. 2012). Indeed, citizen science presence-absence data from hunters recording catch, effort, 

and encounters in diary logs while afield have been used to estimate occupancy (Crum et al. 

2017). The availability of absence data for the accounting and modeling of detection probability 

is critical for robust and rigorous inferences.  

However, citizen science presence-absence data need not be analyzed as standalone 

datasets. Rather, when citizen science projects have collected presence-absence data, it becomes 

possible for joint analysis with other presence-absence datasets, including systematic datasets 

that suffer from limited spatiotemporal extents. Together in an integrated approach, opportunistic 

and systematic presence-absence data may yield estimates of more population parameters, and 

more precisely and with less bias (Schaub and Abadi 2010, Chandler and Clark 2014). Notably, 

Sun et al. 2019 demonstrated that using a 3-month subset of the iSeeMammals trail camera data 

collected in 2017 to supplement systematic data collected from barbed wire hair snares improved 

estimates of abundance. The systematic data provided the majority of the information content on 

abundance through individual-level encounter histories, while iSeeMammals provided species-

level presence-absence data at additional locations in the vicinity. Additionally, simulations 
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conducted with realistic population parameters and sampling scenarios showed that estimates of 

survival, recruitment, and population growth rates improved with the addition of multi-year 

citizen science presence-absence data (Sun et al. 2019). The initial results and application of 

iSeeMammals therefore demonstrate the potential of citizen science datasets, even in early stages 

of project implementation, to be analyzed jointly with other datasets.   

However, the majority of citizen science datasets are composed of presence-only data. In 

fact, observations were the most commonly submitted iSeeMammals data. Citizen science 

programs are wise to continue collecting presence-only data alongside presence-absence data so 

that they are available in the eventuality of statistical developments that integrate it with other 

datasets. Without absence information, it is difficult to make inferences at locations where and 

occasions when presence was not detected. Currently, limited approaches exist for using spatial 

presence-only data in conjunction with other datasets. Fieberg et al. (2010) developed a non-

spatial integrated model to estimate trends in population abundance that uses presence-only data 

from sex and age-at-harvest data with non-spatial mark-recapture. However, when data are 

spatial and estimating spatial patterns is an objective, then estimating detection probability 

becomes more relevant and the problem of missing absence data returns. One approach available 

to incorporating presence-only data in spatial analyses may be to apply estimates from presence-

only data as informative priors in Bayesian modeling. Fithian et al. (2015) also developed a 

multi-species model that joins presence-only and presence-absence data by using the presence-

absence data of one species to adjust for the sampling bias in the presence-only data of a second 

species. Critical to the continued development of spatially explicit integrated models that analyze 

presence-only data in conjunction with presence-absence data will be to formalize the 

relationship between the two datasets (Dorazio 2014, Renner et al. 2015). Thus, presence-only 
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data can be analyzed with fewer assumptions about the uncollected absence data. Citizen science 

sampling that collects both presence-only and presence-absence data therefore reserves the 

capacity for a wide range of current and future available analyses.  

Importantly, citizen science projects often yield sampling and financial efficiencies that 

make it a cost-efficient approach for data collection, suggesting advantages for long term 

monitoring and informing wildlife management (Parsons et al. 2018). For example, 

iSeeMammals cost $32,000 USD to develop in contrast to the approximate annual cost of 

$191,000 USD for systematic sampling, which includes genetic analyses, equipment, salary, and 

travel costs for approximately a dozen researchers and technicians. Even after accounting for the 

additional costs of maintaining a citizen science program (i.e., advertising, outreach, and 

personnel), citizen science will likely still be cost-efficient given the amount of data that can be 

collected. Furthermore, once the infrastructure for a citizen science program has been 

established, opportunistic data collection for species level presence-absence data may continue in 

unison with, or in some instances replace, systematic sampling. In this way, total sampling 

resources can be allocated over longer timeframes and larger spatial extents to collect more 

systematic and opportunistic data on abundance, distribution, and population structure over time. 

The success of a citizen science project is dependent on engagement with its participants 

and ensuring that both the facilitators and participants realize benefits. Only 18% of users (126 of 

712) submitted iSeeMammals data in 2017, and I expect that participation rates will increase as 

the program becomes more established and has more time to develop a relationship with its 

citizen scientists. Understanding the motivations to participate in citizen science is critical 

(Beirne and Lambin 2013, Eveleigh et al. 2014, Nov et al. 2014). While I did not collect data 

about the participants, I anecdotally note that members of the public sought engagement with 
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iSeeMammals on social media after personal experiences related to bears. This suggests that in 

addition to altruistic motivations, personal connections to an issue influences citizen science 

participation. Particularly when related to wildlife management, citizen science projects are a 

valuable resource for engaging with the public by raising awareness and fostering positive 

relationships that can moderate against future tensions over controversial management issues 

such as regulation changes. Citizen science can strengthen the relationship between management 

and the public, and serve as a reminder that wildlife management is born out of public trust 

(Decker et al. 2016, Hare et al. 2017). I also recognize that ease of use influences participant 

engagement and retention. Improvements to the user interface of the web and app should 

improve user experience and increase data quantity and quality so that more data are submitted 

and retained for analysis. For example, future releases of iSeeMammals may expand on 

instructions, improve GPS accuracy, and provide reminder notifications. Citizen science should 

be a mutually beneficial endeavor, and efforts to maintain this balance will help ensure project 

success. 

As iSeeMammals demonstrated within its first months, citizen science efforts can collect 

large amounts of spatiotemporally extensive data to study wildlife populations. The range of 

analyses available to make ecological inferences with citizen science data expands when both 

citizen opportunistic presence-only and presence-absence data are collected, in anticipation of 

use not just in standalone analyses but also in integrated models with other datasets. Spatially 

explicit integrated population models that employ opportunistic presence-absence data can help 

estimate parameters that are relevant to understanding population dynamics, including 

abundance, density, and population growth. Continued development of integrated models is 

necessary to accommodate the variety of citizen science data types and to explore conditions in 
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which citizen science data are the most effective in integrated models. By finding creative ways 

to use and incorporate opportunistic datasets in integrated models, I may further expand the 

reach of citizen science in informing wildlife conservation and management. 

Management Implications 
Citizen science can be an efficient approach to data collection for population monitoring 

and research when traditional systematic sampling is difficult, especially for wildlife species that 

occur at low densities or wide distributions. With the ability to collect opportunistic datasets that 

cover large spatial regions and timeframes, citizen science programs may become an 

increasingly useful component of wildlife research. Citizen science programs would be wise to 

strongly consider protocols that collect data that could be used in both standalone analyses as 

well as integrated modeling approaches, as the latter offers the potential for more estimable and 

precise population parameters. Sensitivity analyses through simulations could help determine the 

proportional amounts of systematic and opportunistic data that are needed to estimate and detect 

changes in population patterns. Collection of presence-absence data is encouraged because more 

robust statistical methods currently exist to analyze presence-absence data than presence-only 

data. However, an important priority is the development of statistical models including integrated 

models that integrate a variety of different opportunistic datatypes, including presence-only data.  
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Figures and Tables 
 

 
 
Figure 2.1. Home screen of iSeeMammals smartphone app and the 3 ways to collect presence-
only and presence-absence data on black bears in New York with observations, hikes, and trail 
cameras. Users provide details, including time, location, and descriptions which can be viewed 
on the website and app. Some features can only be accessed with the app, including creation and 
tracking of a hike and recording the location of a trail camera. Other features can only be 
accessed with the website (not shown), including submission of trail camera photos.  
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Figure 2.2. Location of iSeeMammals observations, hikes, and trail cameras collected between 
19 February 2017 and 31 October 2017 across New York. Observations provided presence-only 
data (P-O), while hikes and trail cameras provided presence-absence (P-A) data. Also shown in 
black dots are the location of 241 systematic sampling sites using barbed wire hair snares and 
trail cameras collected in the summer of 2017. The minimum convex polygons for the systematic 
and iSeeMammals sampling highlight the value of citizen science data for increasing spatial 
extent and quantity of data that can be collected. Coordinates shown in latitude and longitude.  
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Table 2.1. Between 19 February and 31 October 2017, iSeeMammals collected black bear data from one-time observations, which 
provide presence-only data, and hikes and trail cameras, which provide presence-absence data. I applied data-screening filters to each 
dataset, resulting in subsets of data that were accepted within New York. 
 
Data type 
(# users)  

Data class Total 
submissions (% 

removed) 

Accepted NY 
submissions (% with 

pictures) 
One-time observation 
(118) 

Presence-only 373 (9%) 290 

Bear  221 194 (67%) 
Scat  108 63 (94%) 

Track  16 8 (100%) 
Hair  5 4 (100%) 

Markings  23 21 (100%) 
Hike (4) Presence-

absence 
103 (56%) 44 (100%) 

Bear  17 17 
Scat  11 11 

Track  0 0 
Hair  0 0 

Markings  3 3 
Trail camera (15) Presence-

absence 
153 (2%) 127 (26%) 

Total (126)  629 (15%) 461 
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CHAPTER 3: INCORPORATING CITIZEN SCIENCE DATA IN SPATIALLY EXPLICIT 
INTEGRATED POPULATION MODELS 

 
Abstract 
Information about population abundance, distribution, and demographic rates are critical for 

understanding a species’ ecology and for effective conservation and management. To collect data 

over large spatial and temporal extents for such inferences, especially for species with low 

densities or wide distributions, citizen science can be an efficient approach. Integrated models 

have also emerged as an important methodology to estimate population parameters by combining 

multiple types of data, including citizen science data. I developed a spatially explicit integrated 

model that combines opportunistically collected presence-absence (PA) data, commonly 

collected in citizen science efforts, with systematically collected spatial-capture-recapture (SCR) 

data, which are often limited to small spatial and temporal extents. I conducted single and multi-

season simulations with parameters informed by North American black bear (Ursus americanus) 

populations, to evaluate the influence of varying amounts of  opportunistic PA data collected at 

larger spatial and temporal extents on the estimation of population–level parameters. Integrating 

opportunistic PA data increased the precision and accuracy of posterior estimates of abundance, 

and survival and recruitment rates. In some cases, adding PA locations improved abundance 

estimates more than increasing PA detection probability. Posterior estimates were as precise and 

unbiased as when higher quality, but sparse, SCR data were available. I also applied the 

integrated model to SCR and citizen science PA data collected on black bears in New York, with 

results consistent with our simulations. Our findings indicate that citizen science in integrated 

models can be a cost efficient way to improve estimates of population parameters and increase 

the spatio-temporal extent of inference. Continued developments with integrated models and 

citizen science data will offer additional ways to improve our understanding of population 
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structure and demographics.  

Introduction 
Population distribution and density, their spatial patterns, and underlying demographic 

rates, are crucial for informing the conservation and management of animal populations, 

especially given rapid changes in landscapes and climates (Walther et al. 2002). Precise and 

accurate estimates of population-level patterns requires high-resolution data that are informative 

about population structure across sufficiently large spatio-temporal extents. However, limited 

sampling resources can make it challenging to collect individual or species level data across 

sufficiently broad spatial and temporal extents for estimates of population patterns. The result is 

often data that are small-scale, (i.e., high spatial and demographic resolution over small extents), 

or large-scale (i.e., low resolution over large extents). This is particularly problematic for 

studying animal populations that occur at low densities or have wide distributions. Also, sparse 

or small-scale datasets may fail to capture the spatial heterogeneity of patterns and processes that 

operate at multiple scales, such as resource selection (Johnson 1980, Wu 2004).  

One approach to collecting data over large extents is citizen science, in which members 

of the public participate in scientific work (Bonney et al. 2009). Opportunistic methods, in which 

data are collected with no specific rules about where or when to sample, as well as systematic 

methods, in which data are collected at predetermined locations and times (van Strien et al. 

2013) have been used. Citizen science data can yield unbiased, robust inferences when analyzed 

rigorously (e.g., Davies, Stevens, Meekan, Struve, & Rowcliffe, 2012; Kéry, Gardner, & 

Monnerat, 2010), despite common issues such as incomplete reporting and skewed sampling 

(Tye et al. 2017). Analytical methods such as machine learning algorithms (Vanschoren et al. 

2014) and spatio-temporal models have been recently developed and applied to citizen science 
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datasets (e.g., eBird; Fink et al. 2013).  

In addition to standalone analyses of citizen science data, an emerging approach has been 

to integrate citizen science datasets with systematically collected datasets (e.g.,Tenan et al. 2017, 

Robinson et al. 2018). Integrated models (IMs) combine data from multiple sources that are 

informative about the parameters and latent variables of a population, and are useful when 

datasets are sparse or have limited spatio-temporal extents due to sampling cost or species rarity. 

IMs have been developed to accommodate data types including count, productivity, presence-

absence (Blanc et al. 2014, Zipkin et al. 2017), radio-telemetry (Royle et al. 2013), and harvest 

data (Fieberg et al. 2010). In particular, integrated population models (IPMs) are a class of IMs 

that also estimate demographic rates such as survival and recruitment to model population 

dynamics, by tracking individuals over multiple seasons in an open model framework (Abadi et 

al. 2010, Chandler et al. 2018). IMs, with more information from multiple rather than single 

datasets, can potentially increase the precision of parameter estimates and estimate more 

parameters (Besbeas et al. 2002).  

Importantly, IMs offer multi-scale inference on population patterns, particularly when 

spatial capture-recapture (SCR) data are used. SCR data describe when and where marked 

individuals are detected and so are directly informative about the distribution of individuals 

within a population, as well as population density and dynamics parameters. However, SCR data 

often have limited spatio-temporal extents due to intensive sampling requirements. IMs that use 

SCR data may therefore integrate PA data, which can be collected over larger regions and are 

informative about species distribution and occupancy (MacKenzie et al. 2002). Furthermore, the 

individual-level resolution of SCR data make it possible to estimate individual-level survival and 

recruitment probabilities from multi-season sampling, which can then be scaled up to population 
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level rates. In short, the high-resolution, demographically informative SCR data essentially 

calibrate the lower-resolution PA data when the two are combined. This facilitates the 

extrapolation and scaling up of individual patterns and processes to the population level beyond 

what either dataset alone could achieve. 

As a novel application of citizen science data, I developed a spatially explicit IM that 

combines opportunistically collected PA data with systematically collected SCR data. I consider 

PA data instead of other common types of citizen science data such as presence-only data, e.g. 

opportunistic sightings (Burr et al. 2014, Bradter et al. 2018), because PA data account for 

variation in sampling effort and detection probability (Yackulic et al. 2013). I first conducted 

simulations with parameters informed by North American black bear (Ursus americanus) 

populations to evaluate the influence of adding opportunistic PA data on the estimation of 

population-level patterns. I then applied the IM to a single season of black bear data collected in 

2017 in New York State with systematic barbed wire sampling and a citizen science program 

called iSeeMammals (Sun et al. 2018). Our models enable citizen science to inform the 

estimation of population parameters and dynamics for identifying population status and trends.  

Methods 
I first developed an IM for a single, closed season, and then expanded it into an IPM by 

incorporating survival and recruitment rates over multiple seasons.  

I modeled the spatial organization of individuals in a population as a latent spatial point 

process. Let s1,s2,…sN denote the home range centroids (or activity centers) of individuals 

i=1,2,…N in the population. The model regards the unknown activity centers as latent variables 

or random effects to estimate. I assume a uniform distribution over some prescribed two-

dimensional region called the state-space S, which comprises possible locations of individual 

activity centers. The uniform distribution is equivalent to a homogeneous point process, and an 
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inhomogeneous point process could be used instead in order to model spatial variation in 

population density as a function of covariates measured across the state-space. I denote the 

uniform assumption as: 

𝑠𝑠𝑖𝑖~ 𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈(𝑆𝑆). 

From this latent point process, the model accommodates two independent detection 

processes. A spatial capture-recapture (SCR) detection process describes where and when 

uniquely identified individuals are detected, producing individual-specific detection histories. 

The second detection process, which produces presence-absence (PA) data, describes when and 

where at least one individual is detected (Figure 3.1). I assume that the detection processes are 

independent, so that the detection of an individual by SCR does not affect its probability of 

detection by the PA survey and vice versa. SCR and PA data may be collected at the same, 

partially overlapping, or completely distinct locations from each other. There are a multitude of 

methods for collecting the SCR and PA datasets, and I describe some of the common approaches 

at the beginning of each of the next two sections.   

Spatial Capture-Recapture (SCR) Data and Model 
In SCR approaches, individuals are commonly identified by DNA collected with barbed 

wire hair snares or from photographs taken with motion-sensitive trail cameras. SCR data enable 

estimation of the latent individual activity centers and scalable parameters including population 

density, movement patterns, and demographic rates (Borchers and Efford 2008, Sutherland et al. 

2015). The SCR observations, 𝑦𝑦𝑖𝑖𝑖𝑖𝑖𝑖, are commonly recorded as binary with one representing 

when an individual i = (1,2,…,n) is detected at trap j = (1,2,…,J) on occasion k = (1,2,…,K), and 

zero otherwise. The binary data can be modeled as outcomes of a Bernoulli random variable:  

𝑦𝑦𝑖𝑖𝑖𝑖𝑖𝑖~ 𝐵𝐵𝐵𝐵𝑈𝑈𝑈𝑈𝑈𝑈𝐵𝐵𝐵𝐵𝐵𝐵𝑈𝑈(𝑝𝑝𝑖𝑖𝑖𝑖𝑖𝑖) 

. Detection probability 𝑝𝑝𝑖𝑖𝑖𝑖𝑖𝑖 is a function of the distance between an individual's latent activity 
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center si and location of trap j. I use the conventional half normal distribution to describe a 

monotonic decrease in detection probability with Euclidean distance between 𝑠𝑠𝑖𝑖 and location 𝑥𝑥𝑖𝑖 

of trap j 

 𝑝𝑝𝑖𝑖𝑖𝑖𝑖𝑖 = 𝑝𝑝𝑆𝑆𝑆𝑆𝑆𝑆 × 𝐵𝐵−
�𝑠𝑠𝑖𝑖−𝑥𝑥𝑗𝑗�

2

2𝜎𝜎2    

where 𝑝𝑝𝑆𝑆𝑆𝑆𝑆𝑆 is the probability of detection when a trap is placed precisely at the activity center 

and σ is a scaling parameter that describes the range of the detection probability and extent of 

space use. The parameters 𝑝𝑝𝑆𝑆𝑆𝑆𝑆𝑆 and  can be further modeled to vary by individual, time, space, 

or other covariates. An implication of the Bernoulli model is that individuals may be detected 

only once per location per sampling occasion, but may be detected at multiple locations during a 

single sampling occasion and detected on multiple sampling occasions.  

While n individuals are detected, an unknown number of individuals that comprise the 

rest of the population N remain undetected due to imperfect detection. In a Bayesian estimation 

framework, I use data augmentation (Royle et al. 2013) to estimate the number of such 

undetected individuals. Data augmentation assumes that the unknown population size N has a 

binomial prior distribution based on M trials and with success probability ψ. This is 

approximately a Poisson prior distribution and is uninformative as long as 𝑀𝑀 is large relative to 

𝑁𝑁 and if ψ has a uniform (0,1) prior distribution. This prior distribution can be implemented by 

augmenting the data set with 𝑈𝑈 + 1 ⋯𝑀𝑀 detection histories of all zeros (i.e., non-detections). I 

introduce a set of latent variables 𝑧𝑧𝑖𝑖 such that:   

𝑧𝑧𝑖𝑖~ 𝐵𝐵𝐵𝐵𝑈𝑈𝑈𝑈𝑈𝑈𝐵𝐵𝐵𝐵𝐵𝐵𝑈𝑈(𝜓𝜓) 

for all 𝑀𝑀 individuals, thereby modifying the SCR detection model according to: 

𝑦𝑦𝑖𝑖𝑖𝑖𝑖𝑖~ 𝐵𝐵𝐵𝐵𝑈𝑈𝑈𝑈𝑈𝑈𝐵𝐵𝐵𝐵𝐵𝐵𝑈𝑈(𝑝𝑝𝑖𝑖𝑖𝑖𝑖𝑖𝑧𝑧𝑖𝑖)  

. Under data augmentation, the total number of individuals in the population 𝑁𝑁 is a derived 

σ
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parameter, related to the latent data augmentation variables 𝑧𝑧𝑖𝑖 according to: 

𝑁𝑁 = ∑ 𝑧𝑧𝑖𝑖𝑀𝑀
𝑖𝑖=1  . 

Presence-absence (PA) Data and Model 
In PA sampling, individuals are not identified. This is common with camera trapping of 

species without identifiable marks and in citizen science monitoring, when users report species 

observations during hikes or trail camera sessions (Burton et al. 2015, McShea et al. 2015). PA 

data may also arise from failed attempts at collecting capture-recapture data, such as when 

genetic analyses fail or camera trapping images are unsuitable to identify individuals. Alone, PA 

data enable estimation of population distribution and occupancy. The PA data 𝑏𝑏𝑖𝑖𝑖𝑖 are binary with 

a one representing the detection of at least one individual of the focal species at trap j during 

occasion k, and zero otherwise. The data can be modeled in either of two formulations. In the 

“latent encounter history” formulation, I recognize that species detection is a deterministic 

function of some underlying, latent encounter history 𝑦𝑦2𝑖𝑖𝑖𝑖𝑖𝑖that is consistent with the SCR model 

for individual encounter histories (Chandler and Clark 2014). The subscript “2” indicates that the 

PA detection process is analogous to the SCR detection process, with the exception of a different 

baseline detection probability, 𝑝𝑝𝑃𝑃𝑃𝑃: 

𝑝𝑝2𝑖𝑖𝑖𝑖𝑖𝑖 = 𝑝𝑝𝑃𝑃𝑃𝑃 × 𝐵𝐵−
�𝑠𝑠𝑖𝑖−𝑥𝑥𝑗𝑗�

2

2𝜎𝜎2  

𝑦𝑦2𝑖𝑖𝑖𝑖𝑖𝑖~ 𝐵𝐵𝐵𝐵𝑈𝑈𝑈𝑈𝑈𝑈𝐵𝐵𝐵𝐵𝐵𝐵𝑈𝑈(𝑝𝑝2𝑖𝑖𝑖𝑖𝑖𝑖𝑧𝑧𝑖𝑖) 

However, 𝑦𝑦2𝑖𝑖𝑖𝑖𝑖𝑖is unobserved, i.e., latent, because traps cannot distinguish between individuals. 

Therefore the observed trap data 𝑏𝑏𝑖𝑖𝑖𝑖 are a summary of detection histories across all individuals i 

at trap j on occasion k 
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 𝑏𝑏𝑖𝑖𝑖𝑖 = 𝐼𝐼(∑ 𝑦𝑦2𝑖𝑖𝑖𝑖𝑖𝑖 > 0𝑁𝑁
𝑖𝑖=1 )   

 and equal to 1 if the sum of detection histories is at least 1, or zero otherwise. Details on this 

formulation can be found in Chandler and Clark (2014). 

An alternative, “marginal” formulation specifies the observed PA data at trap j in terms 

of the marginal probability of detecting at least one individual, i.e., by marginalizing over the 

encounter histories from the latent encounter history formulation. Given that the detection 

probability of an individual i at trap j on occasion k is 𝑝𝑝2𝑖𝑖𝑖𝑖𝑖𝑖, the probability that individual i is 

not detected is the complement 

𝑝𝑝(𝑦𝑦2𝑖𝑖𝑖𝑖𝑖𝑖 = 0) = 1 − 𝑝𝑝2𝑖𝑖𝑖𝑖𝑖𝑖 

. Then, 𝛼𝛼jk, the product of individual probabilities of not being detected, is the probability of trap 

j detecting no individuals on occasion k: 

𝛼𝛼𝑖𝑖𝑖𝑖 = �𝑝𝑝(𝑦𝑦2𝑖𝑖𝑖𝑖𝑖𝑖 = 0)
𝑁𝑁

𝑖𝑖=1

 

. The complement (1 − 𝛼𝛼𝑖𝑖𝑖𝑖) is the probability of detecting at least one individual at trap j on 

occasion k. Thus, the observed PA data at trap j on occasion k can be modeled as outcomes of a 

Bernoulli random variable with such probability  

𝑏𝑏𝑖𝑖𝑖𝑖~𝐵𝐵𝐵𝐵𝑈𝑈𝑈𝑈𝑈𝑈𝐵𝐵𝐵𝐵𝐵𝐵𝑈𝑈(1 − 𝛼𝛼𝑖𝑖𝑖𝑖)  

. I use the “marginal” formulation in our simulations. Appendix 2 provides the proof showing 

that the two formulations produce equivalent results, to within Monte Carlo error, as they are 

merely alternative parameterizations of the same model.  

Extension to an Integrated Population Model (IPM)  
I incorporated constant survival and recruitment rates over T primary seasons in 

modelling whether individual i exists in season t with the binary variable 𝑧𝑧𝑖𝑖,𝑡𝑡 
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𝑧𝑧𝑖𝑖,𝑡𝑡~𝐵𝐵𝐵𝐵𝑈𝑈𝑈𝑈𝑈𝑈𝐵𝐵𝐵𝐵𝐵𝐵𝑈𝑈(𝜙𝜙𝑧𝑧𝑖𝑖,𝑡𝑡−1 + δ�1 − 𝐼𝐼�𝑧𝑧𝑖𝑖𝑡𝑡

𝑡𝑡−1

𝑖𝑖

�) 

. Individual i survives with probability ϕ from seasons t-1 to t as long as it was alive in the 

previous season, where 𝑧𝑧𝑖𝑖,𝑡𝑡−1 = 1. Otherwise, it is recruited with probability 𝛿𝛿 as long as it was 

never previously alive, 1 − 𝐼𝐼(∑ 𝑧𝑧𝑖𝑖𝑡𝑡𝑡𝑡−1
𝑖𝑖 ) = 0. The individual recruitment probability 𝛿𝛿 is derived 

from the per capita recruitment rate 𝛾𝛾, via 

 δ =  𝛾𝛾∗𝑁𝑁𝑡𝑡−1
𝑀𝑀−∑ 𝐼𝐼�∑ 𝑧𝑧𝑖𝑖𝑡𝑡𝑡𝑡−1

𝑖𝑖 �𝑖𝑖
  

. The numerator is the expected number of recruits, calculated as the product of the per capita 

rate and the population size in the previous season, while the denominator is the pool of all 

available, potential recruits, i.e., the number of individuals that have never existed up to the 

previous season. The population growth rate, λ, is derived as the sum of γ and ϕ. 

Simulation Conditions 
Simulations evaluated how well our integrated model estimates population parameters by 

combining opportunistic PA data with systematic SCR data. I generated 200 datasets (i.e., 

populations) each of size N =100 individuals distributed at a constant density of D = 1 individual 

/ 100 km2 over a square 10,000 km2 state-space. These represented hypothetical populations of 

low density that would be of monitoring interest over a large spatial extent. I set the scale 

parameter σ to 5 km, approximating the extent of movement of individual American black bears 

(Ursus americanus) in a region of New York State (Sun et al. 2017).  

For the single-season model, I simulated SCR and PA data with 18 sampling scenarios 

over K = 10 occasions in T = 1 primary season to mimic weekly sampling during a summer field 

season. I first evaluated the collection of only SCR data by placing JSCR = 25 SCR traps on a 

square grid of 900 km2 centered on the state-space (Appendix S3 Figure 1). A trap spacing of 
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1.5σ (7.5 km) helped ensure recaptures of individuals at multiple traps (i.e., spatial recaptures) 

(Sollmann et al. 2012, Sun et al. 2014). I collected SCR data using one of three baseline 

detection probabilities that ranged from standard to low: pSCR = (0.20, 0.10, 0.05) (White et al. 

1982) (Appendix 3 Table 1).  

I then added opportunistic PA data collected from different quantities of PA locations JPA 

= (25, 50, 100) collected at a greater spatial extent of 6,400 km2 region centered on the state-

space (Appendix 3 Table 1). This approximated quantities of opportunistic PA data similar to or 

greater than systematic SCR data, providing a realistic range of densities of opportunistic 

locations (0.25 – 1 locations / 100 km2) (Sun et al. 2018). Whereas I simulated SCR data 

collection at predefined locations, I simulated realistic PA data collection at opportunistic 

locations by randomly allocating PA locations, leaving a 2σ (10 km) sampling buffer to the edge 

of the state-space. The JPA = (50, 100) locations were created by successively adding to the 

previous design (Appendix 3 Figure 1). When SCR detection probability was pSCR = 0.20, I 

considered three PA detection probabilities pPA = (0.10, 0.20, 0.60) to represent a realistic range 

that is possible due to variations in sampling intensity and species differences (Gompper et al. 

2006, Bailey et al. 2007), including when PA detection probability is greater than for SCR (Long 

et al. 2007, Monterroso et al. 2013). When pSCR < 0.20, I only considered a PA detection 

probability of pPA = 0.20 to limit the number of sampling scenarios. For each of the 18 single-

season scenarios, I calculated across the 200 datasets the average numbers of individuals 

detected, spatial recaptures, and SCR traps that never detected individuals. 

I then applied the multi-season IPM to SCR and PA data collected with 7 sampling 

scenarios, each with T = 4 primary seasons and K = 10 sampling occasions per season. Three 

scenarios considered only systematic SCR data with pSCR = 0.05 detection probability at JSCR = 
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25 traps in either a) a ‘baseline’ scenario with SCR in all seasons (t = 1 – 4), b) an ‘alternating’ 

scenario with SCR in alternating seasons (t = 1, 3), or c) a ‘bookend’ scenario with SCR in the 

first and last seasons (t = 1, 4) (Appendix 3 Table 2). I then considered 3 additional sampling 

scenarios by adding opportunistic PA data from JPA = 50 with pPA = 0.20 during all seasons (t = 

1 – 4) to the ‘baseline’, ‘alternating’, and ‘bookend’ scenarios. In a seventh scenario termed the 

‘first’ scenario, systematic SCR data were collected during only the first season (t = 1) while 

opportunistic PA data were collected in all seasons (t = 1 – 4). Individuals survived to 

subsequent seasons with survival probability ϕ = 0.80, reflecting average survival rates of adult 

North American black bears (Koehler and Pierce 2005, Obbard and HoI 2008, Beston 2011). 

Individuals were ‘born’ or added into the population between seasons at a per capita recruitment 

rate of γ = 0.20 to maintain a constant population density (i.e., λ = 1). 

Example Black Bear Analysis 
I implemented the single-season IM with SCR and PA data from black bears collected as 

part of an ongoing study on bear abundance, distribution, and dynamics in New York State. I 

used SCR data from hair samples collected at 47 barbed wire research sites in a 2,272 km2 

region, at biweekly intervals from mid-June to mid-August of 2017 (Figure 3.2a). Average 

distance between neighboring research sites was 3.3 km. Hair samples were analyzed for 

individual identity using 7 microsatellite loci at the Wildlife Genetics International (WGI) 

laboratory in Nelson, British Columbia, Canada. This provided SCR data for K=5 sampling 

occasions. Simultaneously, an ongoing citizen science project called iSeeMammals enlisted the 

public to submit spatio-temporally referenced reports of bears from sightings, trail cameras, and 

hikes across New York State (Sun et al. 2018). For PA data in this analysis, I used a subset of the 

iSeeMammals trail camera data from the 26 locations closest to the SCR sampling, in a 2,873 

km2 region, from mid-June to mid-August (Figure 3.2a). I used data from trail cameras that 
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operated for at least 1 day and had locations confirmed by the citizen scientists, and verified all 

trail camera photos of bears. I defined a 20,270 km2 rectangular, continuous state-space around 

the SCR and iSeeMammals datasets, with a 20 km buffer around the largest and smallest Easting 

and Northing coordinate values of either the SCR sites or iSeeMammals locations (Figure 3.2a).  

Model Implementation 
I fit the models to the simulated data using the program JAGS (Plummer 2003) in R 

version 3.4.4. (R Core Team 2017) using the R package jagsUI version 1.4.9 (Kellner 2017). I 

set the data augmentation parameter to M=300 when pSCR = 0.20 and M = 500 when pSCR < 0.20. 

Each dataset was run with 3 chains of 5,000 Markov chain Monte Carlo (MCMC) iterations 

each, after 100 iterations of adaptation and 2,000 iterations of burn-in. For simulations that 

converged by visual inspection and the R-hat statistic (Gelman and Rubin 1992), I evaluated 

model performance with variance (precision), relative bias (bias), and root mean squared error 

(accuracy) of the posterior estimates of abundance 𝑁𝑁, annual survival ϕ, per capita recruitment γ, 

and derived population growth rate λ. Code is provided in Appendix 7. 

For the black bear data analysis, I first analyzed just the SCR data to serve as a baseline, 

and then integrated the PA data with the single-season IM. To account for variation in PA 

detection probability as a result of when the opportunistic iSeeMammals trail cameras did not 

operate, I used a binary matrix of dimension (26 iSeeMammals locations x 5 occasions) to force 

𝑝𝑝𝑃𝑃𝑃𝑃 = 0 for PA detection probability. I initialized the scaling parameter σ = 5 km and set the 

data augmentation parameters to M = 4,500 and ψ = 0.6 based on expectations of bear density in 

a geographically proximate region (Sun et al. 2017). I initialized SCR and PA detection 

probabilities to pSCR = 0.05 and pPA = 0.05. For bears detected at SCR locations, I initialized the 

data augmentation variables zi to 1 and their activity centers si to their average locations of 

detection. I fit the single-season IM to the black bear data using the ‘nimble’ package version 
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0.6-12 (de Valpine et al. 2017) in R 3.4.4, with 3 chains that each kept 10,000 iterations after a 

burn-in of 10,000 iterations. I determined convergence based on visual inspection and the R-hat 

statistic. I evaluated the changes in posterior estimates of abundance when PA data were added.  

Results 
Single-season simulations  

With the addition of opportunistic PA data, posterior estimates of abundance 𝑁𝑁 became 

less biased, and more precise and accurate (Figure 3.3a). Compared to when only SCR data were 

used, increasing PA detection probability and number of locations decreased the mean variance 

of abundance by a mean of 37% (range: 18% – 59%; Appendix 4 Table 1). Mode relative bias 

decreased by a mean of 51% (range: 6% – 83%; Appendix 4 Table 2), and mean RMSE 

decreased by a mean of 21% (range: 8% – 40%; (Appendix 4 Table 3).  

The greatest improvements in abundance estimates occurred with the greatest number of 

PA locations (JPA = 100). Mode relative bias decreased by 83% when PA and SCR detection 

probabilities were pPA = 0.20 and pSCR = 0.10, (Appendix 4 Table 2). Mean variance also 

decreased by 59% (Appendix S3 Table S1) and mean RMSE by 40% (Figure 3.3a, Appendix 4 

Table 3) when detection probabilities were highest, i.e., pPA = 0.60 and pSCR = 0.20.  

When SCR detection probability was pSCR = 0.20, precision of abundance estimates 

improved more with the number of PA locations than with higher PA detection probability. For 

example, variance decreased by an additional 11% when number of locations doubled from JPA = 

25 to JPA = 50 with a detection probability of pJA = 0.10, but decreased by only an additional 2% 

at JPA = 25 locations when the detection probability doubled from pPA = 0.10 to pPA = 0.20 

(Appendix 4 Table 1).  

Multi-season simulations 
Population abundance 𝑁𝑁, per capita recruitment γ, annual survival ϕ, and population 

growth λ rates became more precise, more accurate, and less biased with the addition of 
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opportunistically collected PA data (Figures 3.3b, 3.4). Compared to when only SCR data were 

used in ‘baseline’, ‘bookend’, and ‘alternating’ scenarios, the posterior mean variance, mode 

relative bias, and mean RMSE of abundance estimates decreased by averages of 48%, 88%, and 

24%, respectively (Appendix 5 Tables 1 – 3). The posterior mean variance of estimated 

demographic rates also decreased by 69%, 55%, and 84%, respectively. Mode relative bias of per 

capita recruitment, annual survival, and population growth rate estimates decreased by 69%, 

69%, and 71%, respectively. Mean RMSE of per capita recruitment, annual survival, and 

population growth rate estimates decreased by 51%, 40%, and 54%, respectively (Appendix 5 

Tables 4 – 6).  

Abundance estimates were most precise, most accurate, and least biased when SCR 

sampling occurred in all seasons, i.e., ‘baseline’ scenario (Figure 3b). However, adding 

opportunistic PA data further decreased mean variance by an average 51%, mode relative bias by 

80%, and mean RMSE by an average of 28% across seasons (Appendix 5 Tables 1 – 3). Also, 

variance, bias, and RMSE of posterior mean estimates of demographic rates all decreased by ≥ 

25% (Figure 3.3, Appendix 5 Tables 4 – 6). 

When only SCR sampling occurred in two seasons, parameter estimates were the most 

biased, least precise, and least accurate. However, adding PA data improved abundance estimates 

to levels of similar precision and accuracy as ‘baseline’ SCR sampling (Figure 3.3b, Appendix 5 

Tables 1 –3). In fact, the greatest reductions in mean variance, relative bias, and mean RMSE for 

recruitment and survival rates occurred with the addition of opportunistically collected PA data 

to the ‘bookend’ scenario: mean variance decreased by 82% and 66%, respectively; mode bias 

decreased by 84% and 82% respectively; and mean RMSE decreased by 67% and 54%, 

respectively (Figure 3.3, Appendix 5 Tables 4 – 6). 
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With only one season of SCR data (i.e., ‘first’ scenario), adding opportunistic PA data 

yielded parameter estimates that were at least comparable to two seasons of only SCR data (i.e., 

‘bookend’ and ‘alternating’ scenarios) (Figure 3.3b, 4). Abundance estimates over time had 

average decreases of 31% in mean variance, 89% in mode relative bias, and 35% in mean 

RMSE, when compared with the ‘bookend’ scenario with only SCR data. Estimates of per capita 

recruitment, survival, and population growth rates also had average decreases of 41% in mode 

relative bias, 62% in mean variance, and 49% in mean RMSE when compared with the 

‘bookend’ scenario with only SCR data (Appendix 5 Tables 4 – 6).  

SCR data became increasingly sparse as SCR detection probability decreased. The 

average number of spatial recaptures per individual decreased to one in one season, and the 

number of SCR traps with no detections increased from an average of 3 to 13 (Appendix 6 Table 

1). As a result, abundance estimates for 31 single-season datasets and 76 multi-season datasets 

failed to converge when pSCR = 0.05. However, adding PA data with pPA = 0.20 detection 

probability resulted in the convergence of an additional 13 – 14 single-season datasets and 8 – 59 

multi-season datasets.  

Example: Black Bear Analysis 
With the black bear data, abundance estimates increased in precision when PA data at 26 

iSeeMammals trail cameras were added to the SCR data at 47 research sites. The opportunistic 

iSeeMammals trail cameras operated a weighted average of 3 occasions (range: 1 – 5) and 

provided detections of bears at 19 of 26 locations on 40 of 130 camera-occasions, adding to the 

114 individuals detected 207 times at 37 of 47 SCR sites (Figure 3.2a). Precision of abundance 

estimates increased while the posterior mean abundance increased only slightly from 3,663 to 

3,702 individuals. Notably, the standard deviation of abundance estimates decreased from 441 to 

383, and the 95% CI intervals decreased by 206 individuals from 2,837-4,471 to 2,946-4,374. 
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SCR and PA detection probabilities had respective mean posterior estimates of 0.28 (95% CI: 

0.22 – 0.36) and 0.20 (95% CI: 0.13-0.31). The posterior distributions of bear densities were 

highest in areas where bears were detected, with unsampled areas across the landscape taking on 

the mean density of 61 bears per 100 km2 (Figure 3.2b – c). The posterior mean estimate of σ, 

which describes the range of an individual’s range of movement and space use, was 1.6 km (95% 

CI: 1.4 – 1.8 km), and did not change when PA data were added. 

Discussion 
Precise and accurate estimates of population abundance, density, and demographic rates 

are important for detecting population trends and informing management actions (Beissinger and 

Westphal 1998). By incorporating citizen science PA data, our spatially explicit IM yielded 

population-level inferences that were more accurate and precise over broader spatio-temporal 

extents than with only systematic SCR data. Our simulations and black bear data analysis 

showed that while SCR data provide direct information about population structure through 

marked individuals, opportunistically collected PA data also contain information about 

population and demographic parameters, reflected in the improved parameter estimates.  

The analysis of our black bear data supported our simulation findings, which had a 

necessarily restricted range of sampling scenarios and parameter values. Even though the 

opportunistic iSeeMammals trail camera locations were less numerous, had fewer and variable 

number of sampling occasions, and lower detection probability than the SCR sites, abundance 

estimates still became more precise. The mean estimated abundance of 3,702 bears is higher but 

within reasonable range of previous minimum estimates derived from population reconstruction 

with  harvest data of 1,800 – 2,800 (New York State Department of Environmental Conservation  

2014). The primary improvements were in abundance estimation and not other parameters such 

as σ, because PA data do not provide information on individual-level movement or space use. In 
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our case, the improved abundance estimates were limited to the locations where the 

iSeeMammals data were collected (Figure 3.2b – c). However, I would expect improved 

estimates throughout the landscape by using landcover covariates to relate density estimates from 

PA locations to elsewhere in the landscape. I did not do so in this analysis so as to focus on the 

estimation improvements of the IMs, for computational speed, and with the expectation that I 

will evaluate ecological hypotheses in a subsequent analysis with covariates. 

When sampling is limited, a combination of systematic SCR and opportunistic PA data 

collection may achieve the desired levels of precision and accuracy, especially over extended 

time frames (Bailey et al. 2007). Importantly, our simulations offer two new primary insights 

into sampling design that future sampling efforts may consider. First, collecting more 

opportunistic PA data and less systematic SCR data - up to 75% less in our simulations - can 

extend the time frame of data collection and still estimate population parameters with 

comparable or even improved precision and accuracy. Second, it may be possible and more 

efficient to improve parameter estimates by increasing the number of opportunistic PA locations 

(e.g., through outreach) than by increasing detection probability with lures, attractants, or more 

sampling occasions (Reppucci et al. 2011, Monterroso et al. 2013). However, while these 

insights provide general guidance, research efforts should perform their own simulations with 

anticipated PA and SCR sampling conditions (study area size and coverage, spatio-temporal 

extent of inference, detection probabilities, number of sampling locations and occasions, etc.) 

before embarking on a multi-method sampling scheme. 

Our simulated population parameters highlight the demographic information contained in 

opportunistic PA data when the population density is low and constant over time, and I expect 

our IM to be more beneficial in such conditions. With low population densities, resolving 
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individual identities is easier because there are fewer potential combinations of different 

individuals that can generate the PA data (Augustine et al. 2019), and there is a stronger 

relationship between the PA data and variation in abundance (Linden et al. 2017). I also 

showcased the ability of opportunistically collected PA data to inform parameter estimation 

when SCR data are extremely lacking (i.e., ‘first’ scenario), when population density was 

constant over time. When population dynamics change over time, however, PA data may be less 

informative. Additional simulations with a population density gradient and temporal variation in 

survival and recruitment rates (Chandler et al. 2018) could explore the contribution of 

opportunistically collected PA data in other realistic conditions.  

Our model uses separate and independent detection processes for the PA and SCR data. 

This is in contrast to the original spatially explicit integrated model by Chandler and Clark 

(2014), in which the SCR and PA detection are deterministically linked to each other when SCR 

data are used only to confirm species presence. While useful for common scenarios such as 

failed DNA amplification of genetic samples or when only either SCR or PA data are ever 

collected at location, their model does not apply when individuals are detected independently by 

both PA and SCR sampling processes. Chandler and Clark (2014) saw improved estimates when 

their linked SCR and PA data were collected in different seasons, and our findings showed 

population estimation can also improve when PA and SCR data are collected at the same time.  

Independent detection processes were straightforward to implement and such sampling is 

likely when PA and SCR sampling locations are different. However, non-independent detection 

processes can occur, especially when co-location or induced (trap happy/shy) behaviors make 

detection by multiple sampling devices more or less dependent on each other (Clare et al. 2017). 

Formulations for dependent detection processes similar to multi-method occupancy models 
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(Nichols et al. 2008) or random effects (Pacifici et al. 2016) could be developed. Failing to 

account for non-independence in detection processes may bias parameter estimation, and 

extensions to the IM to account for such structure could be investigated.  

Computation time was a limitation in our model implementation and is a potential hurdle 

in the adoption of this modeling technique. For example, the MCMC sampling with JAGS 

required 3.2 days to analyze each of the 200 simulations with M=500 with PA data added to the 

‘bookend’ and ‘alternating’ scenarios. With NIMBLE (de Valpine et al. 2017), our black bear 

dataset with the single-season IM and no landcover covariates took one week to analyze. Custom 

MCMC samplers may help alleviate implementation barriers, especially if model complexity is 

added to account for temporal patterns, dispersal (Chandler and Clark 2014), or age-related 

demographic rates (Regehr et al. 2018).  

Our model considered only the integration of PA data even though presence-only (PO) 

data can also be collected with citizen science approaches. PO data can be informative about 

relative abundance and distribution over large extents, but are less robust for population 

inferences because of the lack of absence information that helps account for variation in 

detection probability and sampling effort (Royle et al. 2012). To use PO data in integrated 

models, the undocumented sampling effort or the relationship between PO and PA data would 

need to be modeled. In the latter approach, the PO data, which are commonly modeled as events 

of a Poisson point process in species distribution models (Renner et al. 2015), could be 

considered a thinning of the inhomogeneous point process that is used to estimate spatial 

variation in density from PA data when the landscape is discretized into pixels (Dorazio 2014). 

Thus, the hierarchical structure of integrated models would include a process model for the 

distribution and density of individuals and multiple conditional observation models for 
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systematic and opportunistic PA and PO data. Auxiliary information about the volunteers 

contributing opportunistic data, such as expertise level, could model variation in detection 

probability and improve population estimates (Johnston et al. 2017). I advocate the collection of 

PA data in citizen science efforts, but encourage development of models that incorporate PO data 

in order to make full use of available citizen science datasets.  

The use of citizen science approaches to collect data across large spatio-temporal extents 

is rising (Follett & Strezov, 2015), making opportunistic citizen science datasets increasingly 

available. Integrating multiple data sets is appealing when detection probabilities of any one 

method are low and single methods alone cannot collect spatially and temporally comprehensive 

high-resolution data (Nichols et al. 2008). Our simulations and black bear analysis demonstrate 

that population estimates may improve and sampling designs become more efficient when 

systematic SCR data are combined with opportunistically collected PA data that span ranges in 

quality (i.e., detection probability) and quantity (i.e., number of locations). Integrating 

opportunistically collected PA data can expand the spatio-temporal extent of population 

inferences beyond what has been traditionally possible with scale-limited SCR data collection. 

This makes IMs such as ours and future developments valuable for accurately and precisely 

identifying patterns and processes that are important for wildlife population management and 

conservation (Nichols and Williams 2006, Dudaniec et al. 2013).  
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Figures and Tables 
 

 
 
Figure 3.1. Diagram of the integrated model, illustrating the hierarchy of the underlying spatial 
point process, the multiple detection processes, and the observed binary datasets. 
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Figure 3.2. Black bear data collected in mid-June to mid-August 2017 in a 20,270 km2 region of New York State, depicting the a) 
location of 47 barbed wire hair sites for SCR data collection shown in circles and 26 opportunistic trail camera locations from the 
citizen science program iSeeMammals shown in triangles, with filled symbols representing locations where bears were detected, and 
the posterior distributions of bear density across the landscape when b) only SCR data were used and when c) both SCR and 
iSeeMammals data were used. Locations are shown in kilometers (km) in the Universal Transverse Mercator (UTM) coordinate 
system.  
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Figure 3.3. Root mean squared error (RMSE) of mean posterior estimates of abundance in a) 
single season scenarios when SCR detection probability was pSCR = (0.20, 0.10, 0.05) and data 
were added from JPA = (0, 25, 50, or 100) PA locations with pPA = 0.20 detection probability, and 
b) multi-season scenarios, in which filled symbols represent when only SCR data at JSCR = 25 
traps with pSCR = 0.05 detection probability were used, and open symbols represent when PA 
data were added in all seasons at JPA=50 locations with pPA = 0.20 detection probability. 
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Figure 3.4. Distribution of posterior mean a) per capita recruitment rate, b) annual survival rate and c) derived population growth rate 
in 7 multi-season sampling scenarios. Dark violins represent sampling with only SCR data at JSCR = 25 traps with pSCR = 0.05 detection 
probability; light violins represent when PA data were added in all seasons at JPA=50 locations with pPA = 0.20 detection probability.
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CHAPTER 4: MULTIMETHOD ESTIMATION OF LANDSCAPE SCALE SPATIAL 
PATTERNS IN BLACK BEAR DENSITY AND OCCUPANCY IN SOUTHERN NEW YORK 
 
Abstract 
Robust estimates of population density and distribution are essential for effective wildlife 

management. Monitoring how populations vary over landscapes can inform appropriate spatially 

explicit population level objectives. However, limited resources make it difficult to collect data 

over large regions, especially when individual ranges of movement are large. In southern New 

York State, approximately 73,475 km2, black bear populations are growing but the current 

estimate of 2,400 – 3,200 American black bears (Ursus americanus) derived from harvest data 

provides only a minimum density estimate and may not accurately reflect population patterns 

due to the opportunistic nature of the data collection. To estimate density, occupancy, and their 

spatial patterns related to landcover types across the region, I conducted a spatial capture 

recapture and occupancy study during the summers of 2015-2018 in southern New York. I 

systematically collected individual-level and species-level presence-absence data using barbed 

wire hair snares and trail cameras, respectively, at 462 total sites that consisted of either a hair 

snare, a trail camera, or both (i.e., collocated). I applied spatial capture-recapture and occupancy 

models in addition to a novel spatially explicit integrated model to estimate density that uses 

both data types and accounts for dependence between the sampling methods that arises due to 

collocation. Mean predicted bear density across Southern New York ranged from 4.7 – 11. 5 

pears per 100 km2, with a total mean abundance between 3,822 – 5,377 bears. Mean predicted 

occupancy across the region ranged ψ = 0.24 – 0.36 across years. Bear density increased over 

time with a population growth rate of λ =1.38 between 2017 and 2018, and with percentages of 

forest cover and landscape interspersion-juxtaposition of landcover types. Occupancy probability 

also increased with forest cover. I detected no influences of percentages of low intensity human 
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development and agriculture. These patterns in density, distribution, occupancy, which aligned 

with spatially explicit management objectives, suggest continued population growth and 

expansion. Furthermore, collocating sampling methods increased overall detection probability 

and highlighted the importance of matching occupancy sampling to the same spatial scale as 

home ranges for density estimation. Our study provides non-harvest based estimates of bear 

density across southern New York, and demonstrates how multimethod and collocated sampling 

can support population monitoring over large landscapes. 

Introduction 

Density and distribution are critical indicators of population status and viability, and are 

therefore important features to monitor for conservation and management (Williams et al. 2002). 

Across their range, American black bear (Ursus americanus) suffered population declines due to 

hunting and habitat loss during primarily the 16th – 19th centuries (Hristienko and McDonald 

2007, Thompson et al. 2013). However, black bear abundance and distribution in the northeast 

United States have been growing since the end of the 20th century. As bear populations recover 

due to protection through regulated hunting and reforestation (Scheick and McCown 2014), the 

frequency and severity of human-bear interactions are likely to increase, driven by bears’ large 

ranges of movement and dispersal (Costello 2010), opportunistic foraging behaviors (Bastille‐

Rousseau et al. 2011), and use of diverse landcover types (Jones and Pelton 2003, Hiller et al. 

2015, Zeller et al. 2019). To effectively monitor and manage black bears, robust estimates of 

density and distribution as well as patterns in spatial variation are necessary. However, 

population level inferences are difficult to obtain because limited resources for sampling of 

spatial variation over wide distributions risks false inferences (Bain et al. 2015).  

Spatial capture-recapture (SCR) methods are one approach to estimating population 
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abundance and distribution. SCR methods collect data about when and where individuals are 

detected (or captured) over multiple sampling occasions (Royle and Young 2008, Borchers 

2012). The location of an individual’s activity center, or centroid of activity, is an important 

source of individual heterogeneity in detection probability because an individual is more likely to 

be detected at sampling locations closer to their activity center than at locations farther away. 

Thus the salient feature of SCR approaches is the estimation of the location of activity centers, 

modeled as outcomes of a spatial point process over the landscape. As a result, abundance and 

density of individuals are derived parameters, obtained from summing the activity centers within 

a focal region. Spatially explicit estimates can then be scaled up to population-level density and 

distribution over larger spatial extents according to relevant landscape covariates. If SCR data 

are collected over multiple seasons in which the population is closed during each season, then 

individual fates can be tracked to estimate survival and recruitment rates. Common sources of 

SCR data include trail cameras that take photographs of visually distinct individuals or barbed 

wire corrals that snag hair samples, which require genetic analysis of the DNA to resolve 

individual identities (Waits and Paetkau 2005, Royle et al. 2017). SCR approaches have been 

used to estimate spatial patterns in population density for a wide array of taxa, including 

carnivores (Karanth and Nichols 1998, Gardner et al. 2010, Molina et al. 2017), ungulates 

(Brazeal et al. 2017, Poutanen et al. 2019), and even amphibians (Hernández-Pacheco Raisa et 

al. 2019) and marine species (Marques et al. 2012, McDonald et al. 2017). However, individual-

level SCR data can be costly to collect over large extents, especially if detection probability is 

low. When density is heterogeneous, the limited number of SCR sampling locations may 

insufficiently characterize fine scale variation in abundance, while low detection probabilities 

result in sparse data.  
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Occupancy methods (OCC) offer a second approach to estimating population level 

patterns. OCC data record when and where at least one individual of the focal species is detected, 

and does not retain individual identities. This means that OCC data have lower demographic 

resolution than SCR data and loses power as a proxy for population density as density increases 

(MacKenzie and Nichols 2004, Clare et al. 2015, Linden et al. 2017). Nevertheless, species-level 

data OCC data can be informative about the extent of distribution and probability of occupancy. 

Motion-activated cameras are a common source of OCC data (Shannon et al. 2014, Rovero and 

Zimmermann 2016, Steenweg et al. 2017). If data are collected over multiple seasons in a robust 

sampling design, trends in time via probabilities of patch colonization and extinction can also be 

estimated (MacKenzie et al. 2003). When this is the case, occupancy in the first season is 

estimated and occupancy in subsequent seasons are derived from the colonization and extinction 

probabilities. OCC methods have been used to study spatial and temporal patterns in occupancy 

and distribution for a diversity of species, including rare and low density populations of 

carnivores (Clare et al. 2015, Fuller et al. 2016, Steenweg et al. 2016), small mammals 

(McDonald et al. 2015), and birds (Murphy et al. 2018). Sampling efficiencies as a result of not 

obtaining individual identities make it possible to sample for OCC data over time frames that are 

longer and spatial extents that are greater than with SCR methods. 

To improve population inferences and capitalize on the strengths of different sampling 

methods and data types such as SCR and OCC data, integrated models (IMs) have been 

developed that jointly analyze data on population structure collected at various demographic and 

spatial scales. Numerous IMs have been developed to unite different types of data, including 

harvest (Fieberg et al. 2010), count (Davis et al. 2014), productivity (Regehr et al. 2018), SCR, 

and OCC data (Chandler and Clark 2014, Sun et al. 2019). Integrating multiple data sets is 
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appealing for several reasons. Parameter estimates can be more precise and accurate and 

additional parameters may be identifiable compared to estimation using just one dataset (Schaub 

and Abadi 2010, Arnold et al. 2018). This is because the multiple datasets are informative about 

the same underlying population structure and mechanisms. In particular, IMs based on SCR data 

offer a mechanistic framework by modeling the individuals of a population and their locations a 

spatial point process, from which all other datasets arise. With improved parameter estimates 

(Chandler and Clark 2014, Sun et al. 2019) and the potential to realize cost efficiencies from 

employing different sampling methods, integrating SCR and OCC data may thus improve the 

understanding of population level patterns and inform conservation and management. 

An assumption underlying spatially explicit IMs is that SCR and OCC datasets are 

independent observations of the underlying distribution of individuals. Indeed, datasets are likely 

to be independent when collected in different locations or times (Chandler and Clark 2014), 

which is often the case when systematic data collection is augmented with opportunistic citizen 

science efforts (Sun et al. 2019). However, this assumption is likely violated if SCR and OCC 

data are collected simultaneously at the same locations, and especially if attractants or lures are 

centrally placed to increase detection probability of both methods simultaneously. Because 

detection probability is the product of the probability of visiting a site and the probability of 

detection conditional on site visit, detection by one co-located method necessarily means the 

individual is available to be detected by the second. Dependence between collocated methods 

should result in a higher detection probability by all methods than by any single method. 

Multiple sampling methods may be used to compare the efficacy of different methods (Long et 

al. 2007, Comer et al. 2011, Monterroso et al. 2013), to collect complementary information about 

species ecology (Gopalaswamy et al. 2012, Sollmann et al. 2013, Quinn et al. 2014), or to 
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maximize overall detection probability (Crowley et al. 2014). Collocated sampling in particular 

may be the result of limited field access or a post-hoc reality of using data sets originally 

intended for different uses (e.g., if trail cameras were originally intended to collect data on other 

species or behavior). Incorrectly assuming that collocated sampling methods result in 

independent data sets can lead to inflated estimates of detection probability and thus, falsely 

precise and biased population estimates (Clare et al. 2017). Therefore, non-independence of 

collocated datasets should be accounted for if it is implied by the sampling design. 

In New York State, the population of black bears has been growing and expanding since 

the mid-1990s. In particular, a continuous distribution of bears referred to as the Southern Black 

Bear Range (SBBR) has been expanding northwards into areas with more human presence (New 

York State Department of Environmental Conservation (NYSDEC) 2007). The NSYDEC 

currently estimates approximately 2,400 – 3,200 bears in the approximately 41,000 km2 region of 

the SBBR within the 73,475 km2 landscape, but this is a rough underestimate that may not reflect 

true population patterns because it is derived from harvest data, collected with variable effort and 

potentially unrealistic assumptions about survival and mortality rates (Davis et al. 2007, Waples 

et al. 2018). It is also not well known how bear density varies across the landscape, which is 

important to quantify in order to identify effective strategies for achieving spatially varying 

objectives related to bear population levels. Management objectives for black bears in southern 

New York and the SBBR range from maintaining moderate bear levels to reducing current levels 

(Figure 4.1). To aid bear management in New York State, I conducted a study to estimate 

patterns in bear density and distribution in the Southern Black Bear Range using collocated SCR 

and OCC sampling methods. I collected data from barbed wire hair snares and trail cameras for 4 

summers between 2015 and 2018, and used standard SCR and OCC models as well as a novel 
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spatially explicit IM which I developed specifically to account for dependence between datasets 

due to collocated sampling. I included landcover covariates to identify spatial patterns in 

population density, and discuss our findings in terms of an improved understanding of black bear 

population patterns. I also discuss gains in inference from using a model that accommodates 

collocated sampling.  

Methods 

Study Area 

I considered a region of 73,475 km2 in southern New York that includes the NYSDEC 

Wildlife Management Regions 3, 4, 7, 8, and 9 (Figure 4.1). It encompasses the approximately 

41,000 km2 Southern Black Bear Range (SBBR) of New York State, which excludes the 

northern band of southern New York in black bears are either incompatiable or to be kept 

infrequent as management objectives. Topography varies, with a mean elevation of 346 m 

(range: 0 – 893 m) across the Allegany Plateau, the Catskill Mountains and the Taconic 

Highlands. The area includes deciduous forest (11%), conifer forest (12%), mixed forest (2%), 

wetlands (5%), herbaceous and shrub cover (36%), agricultural land and crops (22%), and open 

and low intensity development (impervious surfaces including roads cover <50% of the surface), 

(U.S. Geological Survey, National Land Cover Database 2011). Primary tree species include 

American beech (Fagus grandifolia), red and sugar maples (Acer rubrum, saccharum), eastern 

hemlock (Tsuga canadensis), white ash (Fraxinus americanus), and yellow birch (Betula 

alleghaniensis), northern red oak (Quercus rubra), and eastern white pine (Pinus resinosa) 

(Widmann et al. 2015). 

Field methods 

I deployed research sites across the SBBR from June to August, 2015 -2018 (Figure 4.1, 
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Appendix 8 Figure 1). In 2015, sites were placed on state-managed public land. From 2016 to 

2018, sites were placed on both private and public lands in order to represent the proportions of 

forest cover across the landscape at a 5 km x 5 km grain size. The spatial extent of the trapping 

array ranged from 30,807 km2 in 2015 to 35,393 km2 in 2018, with an overall extent of 41,820 

km2 across years.   

Sites consisted of a hair snare, a motion-activated trail camera, or both (i.e., collocated) 

(Table 4.1). Barbed wire hair snares consisted of 2 strands of barbed wire set at 30 cm and 60 cm 

off the ground and encircling 3-6 trees, for a total snare circumference of approximately 30 m. In 

the center of the snare, I hung a tin of sardines and 2 film canisters with felt wings to release 

liquid smoke (Wrights®) and strawberry oil (Natures Flavors®). I sprayed surrounding 

vegetation with the liquid smoke and strawberry oil. Cameras were either a Bushnell Trophy 

Cam (Bushnell Outdoor Products®) or Reconyx Hyperfire (Reconyx, Inc ™) camera, set 

approximately 1 m high on a tree and facing a laminated sign with the site name visible to the 

camera. If a hair snare was collocated at the site, the snare was approximately 5 – 10 m away 

with the site sign inside the snare so that the camera was facing the snare. Bushnell cameras took 

bursts of 3 photos each with 10 second intervals between bursts while Reconyx cameras took 10 

photos per burst with a 1 second interval between bursts. Sites were checked every 2 weeks for a 

total of 5 times to collect hair samples and trail camera photos, to replace SD memory cards in 

the cameras, and to apply new scent and bait attractants. Hair samples were stored in paper coin 

envelopes labeled with the approximate number of hair follicles and the wire and barb from 

which it was collected. 

In an effort to collect spatial recaptures of individuals, I clustered sites based on a 

previously estimated mean of 3.9 km for female bear range of movement in New York (Sun et 
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al. 2017). In 2015, I set a total of 180 sites, allocating 36 sites into 4 clusters of 9 sites each in 

each of the 5 NYSDEC regions (Appendix 8 Figure 1). All sites had a hair snare, while 92 (51%) 

also had a Bushnell trail camera. Mean distance between neighboring sites in 2015 was 3.5 km 

(0.1 – 22.3 km). In 2016, I set a total of 194 sites, having added 3 – 4 sites to each of 4 clusters in 

order to evaluate the effect of smaller distances between traps given the lack of any spatial 

recaptures in the previous year. The additional sites (n = 14) had collocated hair snares and 

Reconyx cameras, while all other sites (n = 180) had only a Bushnell camera. Mean distance 

between neighboring sites within the clusters with additional sites was 2.6 km (1.3 – 5.2 km), 

while mean distance between neighboring sites across all clusters in 2016 was 3.3 km (1.3 – 8.4 

km). In 2017 and 2018, I set a total of 242 and 238 sites, respectively, adding a total of 55 and 52 

additional sites across all clusters per year, respectively. All sites had collocated hair snares and 

trail cameras. Most sites had Bushnell cameras while the additional sites had Reconyx cameras. 

Mean distance between neighboring sites was 2.7 km (0.5 – 7.2 km) in 2017 and 2.8 km (0.5 – 

9.0 km) in 2018. Mean distance between neighboring clusters ranged from 11.0 – 11.8 km across 

all years.  Across years, I set sites at a total of 551 different locations, of which 502 had a hair 

snare in at least one year and 462 had a trail camera in at least one year (Table 4.3).  

I collected all hair samples from barbed wire that were black in appearance. Samples 

from each barb were stored separately in paper coin envelopes, labeled with the site name, 

sampling occasion, date, which barb and strand the sample came from, and the approximate 

number of follicles. I stored samples with color-indicating silica desiccant away from direct 

sunlight, and sent all samples to Wildlife Genetics International Inc., (WGI) in Nelson, British 

Columbia, Canada for genetic analysis at the conclusion of each summer season. Microsatellite 

genotypes were obtained from samples according to Paetkau et al. 2003 and Kendall et al. 2009, 
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described in brief as follows. DNA extraction was conducted for all samples with >1 visible 

guard hair follicles or > 5 underfur follicles with QIAGEN DNeasy Blood and Tissue Kits. The 

amount of DNA in an underfur follicle was considered equivalent to that of 0.2 guard hair 

follicles. A first pass of genotyping was conducted for all samples at 7 genetic markers, G10J, 

G10L, MSUT-2, MU50, MU59, G10P, and the sexing marker ZFX/ZFY, retaining samples that 

had high confidence scores for at least 4 loci. Samples that indicated contamination by the 

presence of >2 alleles at >3 loci were also removed. Then, samples were reanalyzed at loci that 

amplified weakly, using 5μL of DNA template instead of the original 3μL. Finally, samples with 

genotypes that differed by 1-2 loci across years were identified and ascertained through the 

presence of multiple corroborating samples, and genotyping at 2 additional loci, G1D and G10H. 

I quantified landcover covariates hypothesized to influence bear density and distribution. 

I overlaid a 5 km x 5 km grid over a raster map of landcover data (NLCD 2006, 30 m resolution) 

with a 20 km buffer around the NYSDEC Wildlife Management Regions 3, 4, 7, 8, and 9, 

resulting in an overall state-space for computation of 3,809 pixels totaling 95,225 km2. The grid 

resolution balanced the approximate spatial scale of individual bear movement (Alt et al. 1980, 

Sun et al. 2017) with computational efficiency. I removed grid cells that were > 50% open water. 

Within each 25 km2 grid cell, I quantified the percentages of total forest cover (deciduous, 

evergreen, and mixed), human development (open and low intensity) and an index of landscape 

level habitat interspersion and juxtaposition (iji) calculated with the ‘landscapemetrics’ package 

(Maximillian et al. 2019) in R (R Core Team 2018). I log-transformed the percent development 

covariate due to its right-skewed distribution. I hypothesized that population density and 

occupancy would positively correlate with forest cover due to access to resources including 

shelter and food (Sollmann et al. 2016) and negatively correlate with landscape iji and 
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development due to fewer natural resources and increased risk of human-bear interactions 

(Wynn-Grant et al. 2018). Due to correlation with percent forest cover (Pearson’s r ≥ |0.50|), I 

did not consider elevation, iji of forest landcover, or percent agriculture, although all three may 

also influence resource use and bear density (Kindall and Manen 2007, Royle et al. 2013, Ditmer 

et al. 2016).  

Dependent Model Development 

I constructed a spatially explicit integrated model that accommodates collocated SCR and 

OCC data.  

Process Model 

The process model is a standard SCR model, and I provide a brief summary.  I assume an 

unknown population of 𝑁𝑁 individuals characterized by their home range centers, which are 

distributed over the landscape. The activity centers 𝑠𝑠1 , 𝑠𝑠2, … , 𝑠𝑠𝑖𝑖,, … , 𝑠𝑠𝑁𝑁,  for individuals 

1, 2, … 𝑈𝑈, … ,𝑁𝑁, are not directly observed, and therefore modeled as a latent point process. 

Individuals may be distributed homogenously over the landscape and modeled as 

𝑠𝑠𝑖𝑖~ 𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈(𝑆𝑆) 

𝑁𝑁~ 𝑃𝑃𝑈𝑈𝑠𝑠𝑠𝑠𝑈𝑈𝑈𝑈𝑈𝑈(𝜇𝜇‖𝑆𝑆‖) 

where 𝜇𝜇 is an intensity parameter that describes the density of points. Otherwise, variation in 𝜇𝜇 

over the landscape 𝑆𝑆 can be modeled with covariates measured at each pixel s through a 

logarithmic link function, 

log(𝜇𝜇𝑠𝑠) =  𝛽𝛽0 + 𝛽𝛽1𝐶𝐶𝑈𝑈𝐶𝐶1 + 𝛽𝛽2𝐶𝐶𝑈𝑈𝐶𝐶2 … + 𝛽𝛽𝑉𝑉𝐶𝐶𝑈𝑈𝐶𝐶𝑉𝑉 

, where 𝛽𝛽0is the baseline intensity and 𝛽𝛽1−𝑉𝑉 are the coefficients for the 𝑉𝑉 covariates of interest. 

The number of individuals in pixel 𝑠𝑠 is estimated by evaluating this linear function and 
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multiplying by the pixel area. The total expected abundance is the sum (if landscape is discrete) 

or integral (if landscape is continuous) across the landscape. 

𝐸𝐸(𝑁𝑁) = � 𝜇𝜇𝑠𝑠
𝑆𝑆

𝑠𝑠=1
 

For Bayesian analysis, I used the data augmentation approach (Royle and Dorazio 2012), in 

which an upper limit 𝑀𝑀 is set for 𝑁𝑁 such that the abundance is a binomial outcome  

𝑁𝑁 ~ 𝐵𝐵𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝐵𝐵𝐵𝐵(𝑀𝑀,𝜓𝜓) 

wherein 𝜓𝜓 is a ‘thinning’ parameter that can be rewritten as 𝑁𝑁 𝑀𝑀⁄ . Each individual 𝑈𝑈 in 𝑀𝑀 is then 

a member of the population of size 𝑁𝑁 with probability 𝜓𝜓. I use a vector z to indicate membership 

in the population, taking value 1 if included and 0 otherwise. Then,  

𝑧𝑧𝑖𝑖 ~ 𝐵𝐵𝐵𝐵𝑈𝑈𝑈𝑈𝑈𝑈𝐵𝐵𝐵𝐵𝐵𝐵𝑈𝑈(𝜓𝜓) 

The realized abundance is then N=∑ 𝑧𝑧𝑖𝑖𝑀𝑀
𝑖𝑖=1 . This construction, which may seem unnatural, 

simply imposes a Binomial(M,ψ) prior distribution on the unknown population size parameter N. 

Choosing M sufficiently large induces an approximate Poisson prior distribution. 

This model assumes the population is closed during the sampling session. If data are 

collected over multiple sessions between which individuals can enter via births and immigration 

or leave via deaths and emigration (i.e., robust design), then an open population model (Chandler 

and Clark 2014) can be used to allow closure violation and estimate survival and recruitment 

rates.  

Observation Model 

I used two collocated methods to collect individual and species-level detection histories: 

hair snares and trail cameras, respectively. I used the observation model for co-located sampling 

methods described by Clare et al. (2017) with three modifications. The individual by trap by 

occasion data for this model, 𝑦𝑦𝑖𝑖𝑖𝑖𝑖𝑖𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑡𝑡 takes value 1 if there is a detection by method 1 only, 2 if 
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there is a detection by method 2 only, 3 if detected by both methods, and 0 if there is no 

detection. Our first modification is that 𝑦𝑦𝑖𝑖𝑖𝑖𝑖𝑖𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑡𝑡 is partially latent because the camera data do not 

provide individual identities. Therefore 𝑦𝑦𝑖𝑖𝑖𝑖𝑖𝑖𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑡𝑡 must be probabilistically reconstructed using 

MCMC methods similar to those of Chandler and Royle (2013) and Augustine et al. (2018) for 

unmarked SCR and single-flank camera trapping, respectively. Second, in order to ease 

probabilistically reconstructing 𝑦𝑦𝑖𝑖𝑖𝑖𝑖𝑖𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑡𝑡, I explicitly model an intermediate, partially latent data 

structure 𝑦𝑦𝑖𝑖𝑖𝑖𝑖𝑖𝑑𝑑𝑒𝑒𝑡𝑡, which takes value 1 if an individual i was detected by any method at trap j on 

occasion k and 0 otherwise. Third, due to imperfect operation of the cameras caused by hardware 

malfunctions, I allowed for independent hair snare detections while cameras were not 

operational. 

This hierarchical observation model begins with a model for 𝑦𝑦𝑖𝑖𝑖𝑖𝑖𝑖𝑑𝑑𝑒𝑒𝑡𝑡 , in which I assume   

�𝑦𝑦𝑖𝑖𝑖𝑖𝑖𝑖𝑑𝑑𝑒𝑒𝑡𝑡|𝑠𝑠𝑖𝑖, 𝑥𝑥𝑖𝑖 ,𝑝𝑝0,𝜎𝜎�~ 𝐵𝐵𝐵𝐵𝑈𝑈𝑈𝑈𝑈𝑈𝐵𝐵𝐵𝐵𝐵𝐵𝑈𝑈 (𝑝𝑝𝑖𝑖𝑖𝑖𝑖𝑖) 

where pijk is the individual, site, and occasion specific detection probability calculated as 

𝑝𝑝𝑖𝑖𝑖𝑖𝑖𝑖 =  𝑝𝑝0exp (−  
𝑑𝑑𝑖𝑖𝑖𝑖2

2𝜎𝜎2
) 

, in which p0 is the baseline detection probability, dij is the Euclidean distance between the 

activity center of individual i and site j, �𝑠𝑠𝑖𝑖 − 𝑥𝑥𝑖𝑖�, and σ is the scale of monotonic decrease in 

detection. 𝜎𝜎 could be sex-specific or structured according to other strata. I modeled variation on 

p0 as a function of site by occasion specific covariates through a logit link function, 

𝐵𝐵𝑈𝑈𝑙𝑙𝑈𝑈𝑙𝑙 �𝑝𝑝0𝑖𝑖𝑗𝑗𝑖𝑖� =  𝛽𝛽0 +  𝛽𝛽1𝑋𝑋𝑖𝑖𝑖𝑖𝑐𝑐𝑐𝑐𝑐𝑐1 +  𝛽𝛽2𝑋𝑋𝑖𝑖𝑖𝑖𝑐𝑐𝑐𝑐𝑐𝑐2 

This construction allows detection probability to vary by the detection methods that were 

operational at each site i on each occasion k. The intercept 𝛽𝛽0 corresponds to hair snare detection 
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because hair snares were always operational. Then, I included a binary indicator to model the 

effect of the addition of either an operational Bushnell (𝑋𝑋𝑖𝑖𝑖𝑖𝑐𝑐𝑐𝑐𝑐𝑐1 = 1, 𝑈𝑈𝑙𝑙ℎ𝐵𝐵𝑈𝑈𝑒𝑒𝑈𝑈𝑠𝑠𝐵𝐵 0) or Reconyx 

camera (𝑋𝑋𝑖𝑖𝑖𝑖𝑐𝑐𝑐𝑐𝑐𝑐2 = 1 , 𝑈𝑈𝑙𝑙ℎ𝐵𝐵𝑈𝑈𝑒𝑒𝑈𝑈𝑠𝑠𝐵𝐵 0). Only one camera was placed at a site, so 𝑋𝑋𝑖𝑖𝑖𝑖𝑐𝑐𝑐𝑐𝑐𝑐1 and 𝑋𝑋𝑖𝑖𝑖𝑖𝑐𝑐𝑐𝑐𝑐𝑐2 

could not both be 1. The model may be extended to include other covariates, such as the sex of 

individual i or behavioral effects due to prior detections.  

The second step in the hierarchical observation model is the model for the method by 

which individuals were detected, conditional on detection by any method for traps and occasions 

where a camera was operational.. I assume that 

�𝑦𝑦𝑖𝑖𝑖𝑖𝑖𝑖𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑡𝑡|𝑦𝑦𝑖𝑖𝑖𝑖𝑖𝑖𝑑𝑑𝑒𝑒𝑡𝑡 = 1 �~ 𝐶𝐶𝐵𝐵𝑙𝑙𝐵𝐵𝑙𝑙𝑈𝑈𝑈𝑈𝑈𝑈𝐶𝐶𝐵𝐵𝐵𝐵 (𝜋𝜋𝑙𝑙=1,𝜋𝜋𝑙𝑙=2,𝜋𝜋𝑙𝑙=3) 

In which 𝜋𝜋𝑙𝑙=1 is the probability of detection by hair snare only, 𝜋𝜋𝑙𝑙=2 is the probability of 

detection by camera only, and 𝜋𝜋𝑙𝑙=3 is the probability of detection by both hair snare and camera 

which must sum to 1. These data are fully latent because an individual known to be detected by 

the hair snare may or may not have been detected by a camera as well. Note that if an individual 

was not detected by any method, then Pr (𝑦𝑦𝑖𝑖𝑖𝑖𝑖𝑖𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑡𝑡|𝑦𝑦𝑖𝑖𝑖𝑖𝑖𝑖𝑑𝑑𝑒𝑒𝑡𝑡 = 0) = 0 with probability of 1. 

I used a multinomial logistic link function to model covariates on 𝛑𝛑𝑙𝑙 for 𝐵𝐵 ∈ (2,3) , as 

described by Clare et al (2017). I focused on the potential change in detection type probability 

due to camera type,  

𝛼𝛼𝑙𝑙𝑗𝑗𝑖𝑖 = 𝛽𝛽0,𝑙𝑙 + 𝛽𝛽1,𝑙𝑙𝑋𝑋𝑖𝑖𝑖𝑖𝑐𝑐𝑐𝑐𝑐𝑐2 

, where the intercept 𝛽𝛽0,𝑙𝑙 refers to the Bushnell cameras and 𝛽𝛽1,𝑙𝑙 is the offset for the Reconyx 

camera. The camera coefficient ensures that detection differences due to camera type influences 

both the overall and conditional detection probabilities. Given the multinomial formulation, I set 

the reference category to the probability of detection by hair snare only  
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𝜋𝜋𝑙𝑙=1𝑖𝑖𝑗𝑗𝑖𝑖 = 1 (1 + � 𝐵𝐵𝛼𝛼𝑙𝑙𝑖𝑖𝑗𝑗𝑖𝑖
𝑙𝑙=3

𝑙𝑙=2
)�  

, and the detection probabilities of the other two categories,  𝜋𝜋𝑙𝑙=2 and 𝜋𝜋𝑙𝑙=3, as 

𝜋𝜋𝑙𝑙𝑖𝑖𝑗𝑗𝑖𝑖 = 𝐵𝐵𝛼𝛼𝑙𝑙𝑖𝑖𝑗𝑗𝑖𝑖 (1 + � 𝐵𝐵𝛼𝛼𝑙𝑙𝑖𝑖𝑗𝑗𝑖𝑖
𝑙𝑙=3

𝑙𝑙=2
)�  

. Then, 𝑦𝑦𝑖𝑖𝑖𝑖𝑖𝑖𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑡𝑡 can be split into the separate hair snare and camera capture histories by 𝑦𝑦𝑖𝑖𝑖𝑖𝑖𝑖𝑆𝑆𝑆𝑆𝑆𝑆= 

𝐼𝐼(𝑦𝑦𝑖𝑖𝑖𝑖𝑖𝑖𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑡𝑡 = 1 | 𝑦𝑦𝑖𝑖𝑖𝑖𝑖𝑖𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑡𝑡 = 3) and 𝑦𝑦𝑖𝑖𝑖𝑖𝑖𝑖𝑂𝑂𝑆𝑆𝑆𝑆= 𝐼𝐼(𝑦𝑦𝑖𝑖𝑖𝑖𝑖𝑖𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑡𝑡 = 2 | 𝑦𝑦𝑖𝑖𝑖𝑖𝑖𝑖𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑡𝑡 = 3), where I() is an indicator 

function. Because individual identities are not observed by camera, the observed camera 

detection history is reduced to 𝑦𝑦𝑖𝑖𝑖𝑖
𝑂𝑂𝑆𝑆𝑆𝑆_𝑜𝑜𝑜𝑜𝑠𝑠 = 𝐼𝐼((∑ 𝑦𝑦𝑖𝑖𝑖𝑖𝑖𝑖𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑡𝑡𝑖𝑖 ) > 0), which takes value 1 if at least one 

individual was observed at trap j on occasion k and 0 otherwise.  

The process of probabilistically reconstructing the data is as follows. On each MCMC 

iteration, the fully latent camera data, 𝑦𝑦𝑖𝑖𝑖𝑖𝑖𝑖𝑂𝑂𝑆𝑆𝑆𝑆, is updated for traps and occasions where a camera 

detected an individual (𝑦𝑦𝑖𝑖𝑖𝑖𝑂𝑂𝑆𝑆𝑆𝑆.𝑜𝑜𝑜𝑜𝑠𝑠=1). Then, 𝑦𝑦𝑖𝑖𝑖𝑖𝑖𝑖𝑑𝑑𝑒𝑒𝑡𝑡 and 𝑦𝑦𝑖𝑖𝑖𝑖𝑖𝑖𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑡𝑡 are a deterministic function of 𝑦𝑦𝑖𝑖𝑖𝑖𝑖𝑖𝑂𝑂𝑆𝑆𝑆𝑆 

and 𝑦𝑦𝑖𝑖𝑖𝑖𝑖𝑖𝑆𝑆𝑆𝑆𝑆𝑆, as implemented in the ‘SPIM’ package (Augustine 2019) accessible through program 

R. 

The number of total individual-level camera detections can be derived as the sum of the 

latent individual detection data, 𝑈𝑈𝑜𝑜𝑐𝑐𝑐𝑐 = ∑ ∑ ∑ 𝑦𝑦𝑖𝑖𝑖𝑖𝑖𝑖𝑂𝑂𝑆𝑆𝑆𝑆𝐾𝐾
𝑖𝑖=1

𝐽𝐽
𝑖𝑖=1

𝑀𝑀
𝑖𝑖=1 . Furthermore, the mean number of 

individuals detected per camera occasion can be obtained by dividing nocc by the total number of 

camera occasions, J x K.  

Independent Analyses 

I first analyzed the camera data in occupancy models and hair-snare data in spatial 

capture-recapture models. To identify significant patterns in observation and state processes, I 

used a multi-stage process for model selection. I first identified supported model structure for 
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single season patterns and parameters, and applied them to evaluate dynamic and multi-season 

model structures. At each stage, I constructed all-subset model sets in which covariates were 

considered as additive terms (i.e., no interactions or transformations) (Doherty et al. 2010). I 

identified the most supported model structures using AIC model selection and significant 

covariates with 85% confidence intervals around model averaged parameter estimates (Arnold 

2010) via the shrinkage approach (Burnham and Anderson 2004). In occupancy analyses, I used 

QAICc and c-hat from goodness of fit tests where applicable to account for overdispersion 

(MacKenzie and Bailey 2004). At the time of analyses, functions for goodness of fit tests for 

spatial capture-recapture models were not available in ‘oSCR’.   

I used all available trail camera data (2015 – 2018) for occupancy analyses using the 

‘unmarked’ (Fiske and Chandler 2011) package in program R. In single-season occupancy model 

sets, I simultaneously considered site-level covariates on detection probability and occupancy 

probability. I considered the scaled number of camera operation days and camera type as 

covariates on detection probability, and scaled percentages of forest, development, and landscape 

iji on occupancy probability. This resulted in a full set of 32 occupancy models per year 

(Appendix 8 Tables 1 – 4). I created model-averaged predictions of occupancy across the study 

region for each year. I then evaluated dynamics over time in a multi-stage process. To first 

evaluate differences in detection probability across years, I constructed a full model set with all 

combinations using a year covariate on detection and all detection and occupancy probability 

covariates that were previously significant in at least one year (Appendix 8 Table 5). The 

colonization and extinction probability models were set to the global structure, i.e., each 

including year and landcover covariates. Then, setting the detection probability and occupancy 

models to the most supported structures, I evaluated covariates on colonization and extinction 
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probabilities by: 1) evaluating all 16 subsets of the global model for colonization probability, 

fixing the structure for extinction probability to the global model, and then 2) evaluating all 

subset models of the global model for extinction probability, while fixing colonization, detection, 

and occupancy probabilities to their most supported structures (Appendix 8 Tables 6, 7). 

Estimates of colonization and extinction probabilities were obtained by model averaging across 

their respective model sets. 

I used hair snare data in spatial-capture recapture analyses using the ‘oSCR’ package 

(Sutherland et al. 2018) in program R. I first analyzed data from only 2017 and 2018 due to lack 

of spatial recaptures and small sample sizes in 2015 and 2016 For 2017 and 2018 separately, I 

first constructed full sets of 16 models to consider site and individual-level covariates on 

detection probability and sigma, while fixing density to the global model with all landcover 

covariates (Appendix 8 Tables 8, 9). I considered detection probability as a function of an 

individual’s sex and previous site-specific detection (e.g., behavior due to trap 

happiness/shyness). I also considered whether a Bushnell or Reconyx camera was used at the site 

(i.e., camera type), for subsequent comparability to the dependent model. I evaluated sigma as 

constant or varying by sex. Having identified the top structures for the sigma and detection 

probability, I then considered landcover covariates on single-season population density 

(Appendix 8 Tables 10, 11). Finally, I assessed patterns over time in detection probability, 

sigma, sex ratio, and population density by constructing models with all combinations of 

covariates that were previously significant in at least one year and adding a year covariate. This 

resulted in 48 multi-session models (Appendix 8 Table 12). I generated model-averaged spatial 

predictions of population density across the study region.  

I also evaluated population dynamics using the hair snare data. I first applied all 4 years 
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of data (2015-2018) to a set of multisession SCR models to evaluate potential changes in black 

bear density. I considered year as a covariate on density, and relevant covariates on detection 

probability and sigma as identified in the prior SCR analyses (Appendix 8 Table 13). I also 

estimated patterns in survival probability and per-capita recruitment rate between 2017 and 2018 

using a set of non-spatial, robust Jolly-Seber models in the ‘openCR’ package (Efford 2019). I 

considered sex as a covariate on detection probability, p, survival probability, φ, and per-capita 

recruitment rate, f, resulting in a set of 8 models (Appendix 8 Table 14). Parameter estimates 

were obtained using model averaging. Using the top supported model structure for detection and 

survival probabilities, I also evaluated a Jolly-Seber model that estimated population growth rate, 

λ, rather than f.  

Dependent Analyses  

Before applying hair-snare (SCR) and camera (OCC) data to the joint, dependent model, 

I evaluated the degree of similarity between the two datasets in each year, anticipating overlap 

due to collocation of detection methods. I calculated the Jaccard/Tanimoto (J/T) similarity 

coefficient, which is the ratio of the intersection and union of two binary/presence-absence 

vectors (Chung et al. 2019). The J/T coefficient ranges from 0 to 1 to represent the degree of 

similarity or overlap, and has been used to assess species co-occurrence and diversity (Manthey 

and Fridley 2009, Arita 2017). For sites with collocated hair snares and trail cameras, I compared 

which sites had camera detections to the sites with hair snare detections. I tested for deviations 

from expectations under independence with exact tests using the ‘jaccard’ package (Chung et al. 

2018) in R.  

I then jointly analyzed the SCR and OCC data using the single-season dependent model 

with the ‘SPIM’ package (Augustine 2019) in program R.  Due to computational limitations, I 
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ran a single model for each year with camera type as a covariate on detection probability and the 

top landcover covariate on density identified from the above (SCR and OCC) analyses. I created 

a state-space using ray casting techniques to delineate a polygonal state-space of 45,896 km2 

with 238 vertices and a minimum buffer distance of 18.4 km between the trap edge and state-

space edge. This allowed us to exclude unobserved individuals that were completely beyond the 

possibility of detection. I set the data augmentation parameter M to 4,000 and 4,500 in 2017 and 

2018, respectively, informed by density estimates from the SCR analyses. Tuning parameters 

were chosen so that acceptance rates for parameters in the MCMC algorithms were 

approximately 0.3-0.4. I ran 4 and 6 chains each in 2017 and 2018, with no thinning and aimed 

for effective sample sizes >400 for each parameter and convergence based on the R-hat statistic 

< 1.1 (Gelman and Rubin 1992) after minimum necessary burn-in. I report mean posterior 

estimates and 95% highest posterior density intervals (95% HPDI). I generated plots spatial 

predictions of density and distribution across the Southern Black Bear Range of New York. 

Results 

I collected 144, 87, 1,328, and 1,908 hair samples during the summers of 2015, 2016, 

2017, and 2018, respectively, which were sent for genetic analysis at WGI. An average of 5.7, 

6.0, 7.2, and 5.5 guard hairs per sample were used for DNA extraction and genotyping in each of 

the respective years, with a genotyping success of 66%, 86%, 85%, and 83% in each year. 

Across the 4 years of samples, there were 13 pairs of genotypes that mismatched at 2 loci (2-

MM) and 1 pair that mismatched at 1 locus (1-MM). All but one of the pairs of mismatching 

genotypes were supported by multiple corroborating samples per genotype and further genotype 

differences at one or both additional loci. A genotype in the remaining questionable 2-MM 

genotype pair was due to inconsistent genotyping and thus removed from downstream analysis. 
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I detected 484 (240 F / 244 M) unique individuals a total of 1,031 times between 2015 

and 2018 (Table 4.2). Individuals were detected a mean of 2.1 times (range: 1 – 19 times) at a 

mean of 1.4 different locations, i.e., spatial recaptures. Of those, 214 individuals had spatial 

recaptures, averaging 2.5 locations (range: 2 – 7). I removed 6 detections (one female in 2016, 

one female and male each in 2017, and 2 females and 1 male in 2018) that represented large 

recaptures distances (24.5 km -296.4 km) within or between years and likely were dispersal 

events that our model structures for movement did not accommodate. Of the 78 individuals 

detected in multiple years, the overwhelming majority (73, i.e., 94%) were detected in only the 

last 2 years (2017 and 2018). There were 3 individuals detected in 3 years, and 2 that were 

detected in both of the first 2 years (2015 and 2016) but not subsequently.  

Cameras collected a total of 3,552 camera occasions (Table 4.3), with malfunctions 

slightly reducing 14-day sampling occasions to a mean of 13.4 days across years. A total of 221 

sites with trail cameras operated multiple years: 3 sites with a trail camera that operated all 4 

years; 77 sites with a trail camera that operated for 3 years; and 141 sites with a trail camera that 

operated for 2 years. Of those sites with trail cameras that operated for multiple years, 78 never 

detected a bear, 95 detected bears every year, 14 detected bears in one year but then failed to in 

subsequent years (i.e., potential extinction events), 31 did not initially detect bears but then did in 

subsequent years (i.e., potential colonization events), and 3 sites detected bears in initial and final 

years but not intermediate years. Across the 4 years, an average of 2% of sites with a collocated 

hair snare and trail camera (i.e. 0-3 sites per year) detected black bears by only hair snare, 

whereas an average 19% of collocated sites detected bears by only trail cameras (i.e., 8 – 34 sites 

per year) and an average 27% of collocated sites detected bears by both hair snare and trail 

camera (i.e., 7 – 103 sites per year) (Table 4.4). In all years, there was significant overlap 
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between sites that detected bears by snare and sites that detected bears by cameras (p<0.01). 

Centered J/T similarity coefficients ranged from 0.18 to 0.47 across camera types (Table 4.4).  

C-hat estimates of global single season and dynamic occupancy models ranged from 1.7 

– 4, thus motivating the use of QAICc. Model selection indicated significant patterns in detection 

probability (Table 4.5). The number of days of camera operation was significant after model 

averaging in 2016, 2018, and across years (Table 4.5), and was included as a covariate in top 

models for detection probability in each year (Appendix 8 Tables 1 – 4). Detection probability 

for an entire 2-week sampling occasion was a mean p0 = 0.46 (95% CI: 0.11 – 0.70), increasing 

by a mean of p = 0.05 (95% CI: 0.01 – 0.22) per day of camera operation. Detection probability 

did not significantly vary by camera type or year. Across the landscape, predicted occupancy 

across the landscape was a mean of ψ = 0.24 - 0.36 across years, but ranged from ψ = 0 – 0.95 

and varied as a function of landcover patterns and occupancy dynamics over time (Figure 4.2). 

Baseline occupancy probability was a mean of ψ0 = 0.51 across years, but fluctuated from ψ0 = 

0.48 (95% CI: 0.32 – 0.64) in 2015 to ψ0 = 0.61 (95% CI: 0.46 – 0.75) in 2018 (Table 4.6). I 

identified a significant mean increase in occupancy probability of ψ = 0.24 with 17% increase in 

forest cover (i.e 1 SD) in 2017 and 2018 (Figure 4.3). Mean colonization probability was γ = 

0.18 (95% CI: 0.12 – 0.27), while mean extinction probability was ε = 0.05 (95% CI: 0 – 1) 

(Table 4.7). I found no significant effect of year or landcover covariates on colonization or 

extinction probabilities, although percentage of forest cover had increasing and decreasing 

effects respectively in top models (Appendix 8 Tables 6, 7).  

In SCR analyses, model selection indicated significant effects of sex, behavior, and 

camera/site type on detection probability of hair snare sites in both 2017 and 2018 (Table 4.8, 

Appendix 8 Tables 8, 9). Model-averaging found no support for year-specific baseline detection 
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probabilities. Baseline detection probability by hair snare was a mean of p0 = 0.07 (95% CI: 0.05 

– 0.09) across years, and decreased to p = 0.03 (95% CI: 0.02 – 0.05) if an individual was male 

(Figure 4.4). However, detection probability increased to p = 0.12 (95% CI: 0.08 – 0.18) if a 

Reconyx camera was deployed at the site, and to p = 0.39 (95% CI: 0.27 – 0.53) after an 

individual’s first detection. Sigma differed significantly between sexes in 2017 but not in 2018 

(Table 4.9, Figure 4.5). However, I included sex as a covariate on sigma in the multisession SCR 

modeling because sex-specific estimates were of interest and the second ranked model for sigma 

in 2018 with ΔAIC=1.8 did include sex (Appendix 8 Table 9). Female sigma was generally 

smaller than male sigma, but both were more similar and larger in 2018, particularly female 

sigma. Female sigma across years was a mean of σF = 2.7 km across years (95% CI: 2.0 –3.8), 

yielding a 95% circular home range size of 137.2 km2. Male sigma across years was a mean σM = 

3.5 km (95% CI: 2.2 – 6.0 km), yielding a 95% circular home range size of 230.5 km2. The sex 

ratio overlapped 50:50 over both years (Table 4.9).  

I found support in the SCR analyses for forest cover and landscape iji as covariates on 

density. Baseline density across the landscape was a mean of d0 = 2.6 bears/100 km2 (95% CI: 

2.0 – 3.5) across 2017 and 2018 (Table 4.10). Percentage of forest cover had a significant 

positive effect in both years, increasing mean density to d = 14.7 bears / 100 km2 (95% CI: 8.8– 

15.6) across years when the amount of forest cover increased by 25% (i.e., 1 SD) (Figure 4.6). 

Mean density also increased with percentage of landscape iji in 2018, to d = 3.3 bears / 100 km2 

(95% CI: 2.2 – 3.9) per 8% (i.e., 1 SD) increase in landscape iji across years. Model averaging 

found no support for differences in density between 2017 and 2018. Predicted density across the 

landscape using model averaged results with 2017 and 2018 data was a mean of d = 7.3 bears / 

100 km2 (95% CI: 4.7 – 11.5) (Figure 4.7), resulting in a mean abundance estimate of 5,337 
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(95% CI: 3,421 – 8,418) bears in southern New York, and 5,083 (95% CI: 3,234 – 8,064) within 

the Southern Black Bear Range of New York specifically. 

Black bear populations in New York changed over the course of the study period. Use of 

all 4 years of SCR data in multisession models indicated significantly higher bear densities in 

2017 and 2018 than in the previous 2 years (Table 4.11). Mean baseline density increased from 

2.8 bears per 100 km2 (95% CI: 2.1 – 3.9) and 1.2 bears per 100 km2 (95% CI: 0.6 – 2.5) in 2015 

and 2016, respectively, to 7.9 bears per 100 km2 (95% CI: 5.8 – 10.8) and 11.1 bears per 100 

km2 (95% CI: 8.3 – 14.9) in 2017 and 2018, respectively. Furthermore, between 2017 and 2018, 

the population growth rate was a mean of λ =1.38 (95% CI: 1.18 – 1.61), with mean female 

survival probability and per capita recruitment rates of φF = 0.53 (95% CI: 0.41 – 0.65) and fF = 

0.89 (95% CI: 0.65 – 1.21), respectively (Table 4.11). Male survival probability and per-capita 

recruitment rate were not significantly different from females, at φM = 0.35 (95% CI: 0.18 – 

0.56) and fM = 1.01 (95% CI: 0.61 – 1.65), respectively. 

In the joint, dependent analysis of SCR and OCC data, I included camera type as a 

covariate on detection probability. However I did not include sex as a covariate on detection 

probability or sigma despite significant effects in the SCR analyses because initial model results 

indicated that the latency of sex information in the occupancy data was leading to poor mixing 

and estimation. I also did not include a behavioral effect on detection probability for similar 

reasons. In the 2017 model, I retained 17,000 iterations for estimation after burning off the initial 

15,000 in each of 4 chains. In the 2018 model, I retained the last 12,000 iterations after burning 

off the initial 12,000 iterations in each of 6 chains. Chains for the forest covariate on density had 

not yet converged for either year (Rhat =1.22 in 2017 and Rhat=1.11 in 2018), and effective 

sizes for density, abundance, and overall detection probability had not yet reached 400.  
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Patterns in detection probability identified differences due to trail cameras. If a site only 

had a hair snare, (overall) detection probability was a mean of p0 = 0.16 (95% HPDI: 0.03 - 0.28) 

in 2017 and p0 = 0.20 (95% HPDI: 0.11 - 0.30) in 2018 (Figure 4.8, Table 4.12). The addition of 

a Bushnell trail camera significantly increased overall detection probability by a mean of 0.22 

across years, while a Reconyx trail camera increased detection probability by a mean of 0.42 

across years (Figure 4.8). Detection probability by trail camera was higher than by hair snare. An 

individual was least likely to be detected by only the hair snare (or in other words, more likely to 

be detected by either the camera or by both the camera and hair snare). In general across camera 

types, conditional on detection, detection probability increased from p = 0.18 by only hair snare, 

to 0.40 by only camera, and to 0.42 by both the camera and hair snare (Figure 4.8). In both years, 

detection by either only the Bushnell camera or both the Bushnell camera and hair snare were 

similarly higher than detection by hair snare only (Figure 4.8). However, with Reconyx cameras, 

mean detection probability by both methods was highest, with less overlap between the 95 HPDI 

for detection probabilities by camera only and by camera and hair snare.  

Collocated sampling increased detections of individuals, even though individual identities 

were latent in the OCC dataset. I estimated that there were 577 (95% HPDI: 534 - 617) and 730 

(95% HPDI: 667 - 789) latent individual detection events in the OCC data in 2017 and 2018, 

respectively, translating to a mean of 0.49 bears (95% HPDI: 0.46 – 0.52) and 0.64 bears (95% 

HPDI: 0.59 – 0.69) detected per camera occasion in each year, respectively. This is in contrast to 

only 0.33 bears and 0.50 bears detected per hair snare occasion as a result of 383 and 565 

individual detection events by hair snares in 2017 and 2018, respectively. 

Estimated sigma with the dependent integrated model was a mean of σ = 1.7 km (95% 

HPDI: 1.5 – 1.8) across sexes in 2017 and significantly increased to a mean of σ = 1.9 km (95% 
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HPDI: 1.8 – 2.1) in 2018 (Table 4.13).  

Baseline density in the integrated model was a mean of 1.2 bears / 100 km2 (95% HPDI: 

1.0 – 1.5) in both years (Table 4.12). Forest cover had a positive effect on density, with an 

additional 25% in forest cover (i.e., 1 SD) increasing density to 1.9 bears / 100 km2 (95% HPDI: 

1.6 – 2.2) in 2017, and to 2.1 bears /100 km2 (95% HPDI: 1.9 – 2.5) in 2018. Predicted density 

across the landscape was a mean of 5.2 bears / 100 km2 (95% HPDI: 4.1 – 6.9 km2) in 2017 and 

5.7 bears / 100 km2 (95% HPDI: 4.4 – 7.2 km2) in 2018 (Figure 4.9, Appendix 8 Figure 2). This 

translated into mean predicted abundances of 3,822 bears (95% HPDI: 2,992 – 5,076) in 2017 

and 4,196 bears (95% HPDI: 3,253 – 5,319) in 2018 in southern New York. Within the Southern 

Black Bear Range specifically, predicted abundance was 3,150 bears (95% HPDI: 2380 – 4324) 

and 3,536 bears (95% HPDI: 2,666 – 4,591) in 2017 and 2018, respectively. 

Discussion 

This study provides the first non-harvest based estimates of density, distribution, and 

occupancy of black bears across southern New York. I used established and novel spatial capture 

and occupancy modeling approaches to identify spatial patterns of bear distribution and aspects 

of sampling design that can inform the management and monitoring of black bears. Mean 

predicted density and abundance across southern New York differed by modeling method, 

ranging between 4.7 – 11.5 bears per 100 km2 and 3,822 - 5,337 bears. Density and abundance 

estimates using only SCR data were larger and had greater variance, while estimates using both 

the SCR and OCC data in the dependent integrated model were similar to the current estimate of 

2,400 – 4,000 bears based on harvest data (NYSDEC 2014). Estimated densities were within the 

ranges reported for other bear populations (Tredick and Vaughan 2009, Sollmann et al. 2016, 

Sun et al. 2017). Higher bear densities generally corresponded to historical bear ranges, 
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consistent with expectations. In areas where bear density estimated using only SCR data reached 

a maximum of 59 bears per 100 km2 in the eastern region of the SBBR, the management 

objective is to reduce bear population levels. In areas of lower densities, management objectives 

are to maintain bears at low or infrequent levels. Thus, spatial variation in density was generally 

consistent with current spatially explicit management objectives. 

Density and occupancy patterns strongly indicated population growth during the study 

period, and suggest continued growth and range expansion. Population growth rate between 2017 

and 2018 was significantly greater than 1 (95% CI: λ =1.18 – 1.61) (Table 4.11), and with mean 

baseline population densities greater in those last 2 years than in 2015 and 2016. Furthermore, 

per-capita recruitment rate was greater than survival probability. Consistent with the increasing 

bear density, mean colonization probability for a 25 km2 patch was greater than extinction 

probability, although the wide variance in the estimated extinction probability precludes strong 

inferences about differences in colonization and extinction probabilities. Nonetheless, bear 

density increased with landscape interspersion-juxtaposition, and neither density nor occupancy 

probability decreased as a function of open and low intensity human development. Bears use a 

diversity of landcover types (Fecske et al. 2002, Koehler and Pierce 2003, Benson and 

Chamberlain 2007), so access to supplemental foraging in the non-forested, low-intensity 

development areas that I sampled may have outweighed perceived risks (Johnson et al. 2015, 

Sollmann et al. 2016). Thus, continued population growth of black bears will likely result in their 

range expansion into areas with multiple landcover types and anthropogenic influences.  

Constant colonization and extinction probabilities over time suggests that the system may 

be approaching an equilibrium level of occupancy (Mackenzie et al. 2006). However, long term 

projections of occupancy, distribution, and density are to be cautioned against because current 
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inferences are for the population which is still expanding and not yet in equilibrium. Patterns of 

landcover composition, configuration, and resource selection may change over time and space. 

Zero occupancy probability may simply reflect that population growth and range expansion have 

not yet reached an area, rather than a species’ preferences or selections against various habitat 

types. Also, the amount and intensity of anthropogenic landcover may increase, influencing 

movement (Evans et al. 2018), survival, and recruitment (EloI and Dodge 1989) by decreasing 

resource availability across the multiple scales at which bears select and use resources. Finally, 

our study was conducted in the summer months, and resource requirements vary throughout the 

year so that needs at other points in the annual and life cycles, such as hyperphagia in the fall, 

could have stronger impacts on long term population trends (Preston 1982, Hostetler et al. 2015). 

Larger estimates of sigma for both sexes in 2018 (Figure 4.5) may be related to changes 

in resource availability. Bears may have travelled greater distances to forage if fewer natural 

foods were available. Indeed, anecdotal observations throughout the northeast United States by 

state agency bear biologists (M. Merchant, pers. comm.) indicated that natural food crops in 

2018 were limited throughout the summer and into the fall season despite marginally greater 

total rainfall in 2018 than in 2017 across 27 NOAA weather stations in the study region (48.5 cm 

vs 44.5 cm of rainfall, t=-1.75, dof=52, p=0.08: NOAA NCDC Accessed Jun 13, 2019). Spring 

weather, such as frost and freezing temperatures may have affected soft mast production. The 

hypothesis of larger movements in 2018 due to a lack of food resources in summer and fall is 

also consistent with the subsequent poor health conditions at den emergence in the spring of 

2019 noted by state agency bear biologists. Sampling over multiple seasons and long term 

monitoring may therefore guard against “snapshot” estimates of individual and population level 

parameters that reflect responses to temporary stochastic variation in environmental conditions 
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rather than average values that are more indicative of trends over time.   

Patterns in recapture distances and sigma also suggest that the spatial extent of SCR 

sampling may have been insufficient to capture the full breadth of male within-home-range 

movement. While the estimated range of movement was larger for males than females, consistent 

with previous studies in the literature (Alt et al. 1980, Lee and Vaughan 2003, Sun et al. 2017), I 

expected male ranges of movement to be even larger. Given limited resources for sampling, the 

spatial extent of individual clusters constrained by the trap spacing based on females may have 

failed to detect males across their full ranges of movement (Bondrup-Nielsen 1983). This 

highlights the impacts of sampling design on inference and the difficulties of comprehensive 

SCR sampling across large extents when population distribution varies spatially and ranges of 

movement are structured by sex or other classes. Limited sampling by SCR could be mitigated 

with additional sampling by other methods such as opportunistic citizen science at additional 

sampling locations. Integrating citizen science data has been shown to improve population 

estimates across a range of sampling designs when population density is low (Sun et al. 2019).  

Analyzing the SCR and OCC data separately and then jointly in the dependent integrated 

model revealed important insights about detection probability that can inform future sampling 

approaches. First, there was an unanticipated effect of camera type on hair snare detection 

probability. While the camera type likely did not directly affect the detection probability of hair 

snares, the camera type was closely aligned, and therefore potentially confounded, with the 

parties responsible for other site attributes such as the quality of the hair snare construction (e.g. 

wire tautness) or detection of hair samples on the wire. This highlights the importance of 

minimizing variation in how sites and hair snares are constructed, maintained, and sampled. 

Meanwhile, occupancy detection probability was the same between camera types, likely due to 



 

138 
 

equalizing effects of high population density, camera settings, bear body size and behavior at 

sites on the probability of detecting at least one bear. However, camera type did affect 

dependence between the individual detection probabilities of hair snares and cameras. Sites with 

collocated hair snares and Reconyx cameras had greater dependence, potentially due to the 

combination of higher detection probabilities of both Reconyx cameras and hair snares at sites 

with Reconyx cameras. Most notably, by modeling the latent individual detection histories in the 

OCC data, I were able to explicitly estimate that individual detection probability was also higher 

for trail cameras than for hair snares, which contributed to the observed higher OCC detection 

probability. Collocating cameras with hair snares may therefore be best suited for when both hair 

snare detection probability and population density are low, so that occupancy can be relatively 

informative about population density.   

Appropriate conditions and designs for collocated sampling will depend not only on 

efficiencies of sampling techniques (i.e., detection probabilities, camera settings, etc.) but also 

sampling scale and species ecology (i.e., density, range of movement). To be informative, SCR 

data need to include recaptures of individuals, thus necessitating a sampling scale smaller than 

the individual home range size (Otis et al. 1978, Sollmann et al. 2012, Sun et al. 2014). However, 

for the purpose of informing density estimation, the sampling scale for OCC data should be 

larger and similar to the size of a home range so that occupancy has close to a 1:1 relationship 

with abundance and density (MacKenzie and Nichols 2004, Clare et al. 2015, Linden et al. 2017, 

Steenweg et al. 2018). Sampling scales for OCC data that are too small lead to relatively large 

sigmas and increases the number of combinations of individuals that can produce the same OCC 

data. The OCC data are then less informative about density. The spatial sampling scale of OCC 

data and latency of individual level information influences the utility of integration with SCR 
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data, and the spatial design of collocated sampling merits further investigation, such as through 

simulations. 

The SCR-only and integrated models yielded different estimates and spatial patterns of 

density across the landscape. One reason is that the integrated model excluded known sources of 

individual heterogeneity, which has been shown to cause underestimation of population-level 

parameters (Pledger and Efford 1998, Noyce et al. 2001, Efford and Mowat 2013, Augustine et 

al. 2014). For example, unlike the SCR-only analyses, the integrated model analyses did not 

benefit from having a sex covariate on sigma and detection probability to model compensatory 

heterogeneity, in which large male ranges of movement are offset by lower detection probability 

(Efford and Mowat 2013). I did not include behavioral effects or sex on detection probability and 

sigma in the integrated model, even though SCR-only analyses indicated they were important 

sources of individual heterogeneity, because their latency in the OCC data resulted in uncertainty 

and large variances in estimation of first detections and therefore also baseline detection 

probability and sex-specific sigma. The uncertainty magnifies with more individuals and large 

ranges of movement. With higher detection probability of trail camera, some bears were likely 

first detected by cameras and not by snares, but this information was lost due to lack of 

individual-level information in the trail cameras and poorly estimated in the integrated model. 

Hence, the differences in density estimates between the two types of models were most evident 

in areas where the SCR-only model estimated high densities (Figures 4.7 and 4.9). High 

population densities suggested by the results using the SCR-only model limited the utility of and 

inferences from collocating SCR and OCC methods at the same sampling scales. 

A second difference between the density estimates of SCR-only and integrated models is 

that the dependent, integrated models predicted higher densities where SCR-only models 
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predicted lower densities (Figures 4.7 and 4.9).In other words, estimated density was more even 

across the landscape with the integrated model than with the SCR-only model. This seems to be 

due to the higher detection probability of trail cameras leading to more detections of bears by 

camera but not by hair snare at sites with collocated sampling (Table 4.4). With collocated 

sampling detecting more bears, the integrated model estimated more bears in areas with less 

forest cover than the SCR-only models. Indeed, this was evident in the differences in spatial 

predictions of density that persisted even between the integrated model and the SCR-only model 

without sex, behavior, and landscape iji covariates on sigma, detection probability, and density 

(Appendix 8 Figure 3). Therefore, the addition of sampling by trail cameras may improve spatial 

inferences of density even though precision of density estimates do not improve in areas of high 

population density. This behavior of the dependent, integrated model warrants future research. 

The integrated dependent model was limited to a single-season structure and used only 

the SCR and OCC data from last two years, even though there were additional SCR and OCC 

data, opportunistic citizen science data that could have been integrated, and harvest data that 

could have provided informative priors for demographic rates. However, SCR data in the first 

two years (2015 and 2016) were sparse and the OCC data in 2015 – 2016 would also have 

contributed little because of the completely latent individual information. The data limitations 

encountered in this study highlight the importance of high quality data, especially SCR data 

initially in multi-season efforts through high detection probability and appropriate spatial extent 

and spacing of sampling. Opportunistic presence-absence data from citizen science trail cameras 

across the same spatial extent and time frame were sparse, as the program that was created to 

collect citizen science data, iSeeMammals, was still in its first two years of implementation 

(although see Sun et al. 2019 for a case study using a subset of the iSeeMammals and SCR data). 
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a multisession integrated model with the last two years of data may have improved density 

estimation by providing more information about constant density patterns across years, but the 

nonspatial Jolly-Seber models indicated that density was not constant. Additional model 

complexity to accommodate survival probabilities and recruitment rates for an open, integrated 

model was prohibitive due to computational constraints and the need for custom MCMC 

samplers.  

In this study, I estimated spatial patterns in population density and distribution of black 

bears across southern New York State using collocated sampling with barbed wire hair snares 

and trail cameras. Our findings indicate that the estimated density of 7.3 bears / 100 km2 and 

abundances of 5,337 (95% CI: 3,421 – 8,418) bears in southern New York may be larger than 

previously estimated using harvest data. A spatial approach allowed us to estimate density in 

areas where harvest data are not available or sparse. Furthermore, based on identified patterns 

with landcover covariates, the population is likely to continue to grow and expand in range in the 

absence of continued or additional management. I demonstrated the use of a novel integrated 

model that accounts for the dependence between datasets that arises from collocated SCR and 

OCC sampling, providing additional insights on the detection process. I recommend that 

sampling designs with collocated methods be further investigated through simulations and field 

testing. 
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Figures and Tables 

 
Figure 4.1. Location of n=551 research sites monitored from 2015 – 2018, across the 73,475 km2 
study region of southern New York, USA. Sites consisted of either or both a barbed wire hair 
snare and trail camera (Bushnell or Reconyx) to collect spatial capture-recapture (SCR) and 
occupancy (OCC) data. The study region included NYSDEC Regions 9, 8, 7, 4, and 3 (west to 
east), outlined in black, and encompassed different spatially explicit management objectives for 
black bears, including maintenance of moderate (green), low (moss), or infrequent (yellow) 
population levels, or reduction (red) or incompatibility (black).  
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Figure 4.2. Model averaged prediction of black bear occupancy probability per year (2015 – 
2018) across the 73,475 km2 of southern New York, USA. The region outlined in black is the 
Southern Black Bear Range (SBBR) of New York.  
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Figure 4.3. Estimated occupancy probability of black bears as a function of percent forest cover 
in across n=462 sites with trail cameras in 73,475 km2 region in southern New York that were 
monitored from 2015 - 2018. Dashed lines represent 95% confidence intervals. The vertical gray 
line shows the mean percent forest cover at sites, 72%. 
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Figure 4.4. Model averaged estimates of spatial capture recapture detection probability of black 
bears in 2017, 2018, and both years together in the 73,475 km2 study region in southern New 
York, USA. The baseline refers to the initial detection probability of a female at a hair snare site, 
and subsequent estimates reflect detection probability after an initial visit (behavior), if the 
individual was male, or if a Reconyx trail camera was collocated. Mean estimates with 95% 
confidence intervals are shown.  
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Figure 4.5. Model averaged estimates of sex-specific range of individual movement (σ, km) in 
2017 and2018, in the 73,475 km2 study region in southern New York using spatial capture-
recapture (SCR) data. Year specific estimates of sigma are provided from the single year and 
multiyear models, the latter of which included a significant effect of year. Mean estimates with 
95% confidence intervals are shown.  
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Figure 4.6. Model averaged estimates of bear density in the 73,475 km2 study area in 2017, 2018, 
and both years together, in southern New York, USA. The baseline refers to density per 100 km2 
under average percentages of forest cover (50%) and landscape interspersion/juxtaposition (iji, 
62%), and subsequent estimates reflect bear density with 1 SD increase in the forest landcover 
(25%) and landscape iji (8%). Mean estimates with 95% confidence intervals are shown.  
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Figure 4.7. Predictions of bear density model averaged across the set of multisession SCR 
models, using data from 2017 - 2018 in the 73,475 km2 study region of southern New York, 
USA. Mean predicted density was 7.3 (95%CI: 4.7 – 11.5) bears per 100 km2, resulting in a total 
mean abundance of 5,337 (95% CI: 3,421 – 8,418) bears. The Southern Black Bear Range is 
outlined in black, with a mean abundance of 5,083 black bears (95 % CI: 3,224 – 8,174). 
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Figure 4.8. Posterior distributions of overall detection probabilities (top row) and conditional 
detection probabilities (bottom row) for black bears in 2017 (left column) and 2018 (right 
column) in the 73,475 km2 study area in southern NY, USA. Overall detection probabilities refer 
to probability of a bear being detected by any method, given either no camera, a Bushnell, or a 
Reconyx camera at a site. Conditional detection probabilities refer to probability of detection by 
either only hair snare, only camera, or by both, conditional on capture.  
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Figure 4.9. Posterior mean predictions of bear density in 2017 and 2018 estimated with the 
dependent, integrated model across the 73,475 km2 study region in southern New York, USA. 
Mean density was 5.2 bears / 100 km2 (95% HPDI: 4.1 – 6.9) in 2017 and 5.7 bears / 100 km2 
(95% HPDI: 4.4 – 7.2) in 2018, resulting in a total mean abundance of 3,822 bears (95% HPDI: 
2,992 – 5,076) and 4,196 bears (95% HPDI: 3,253 – 5,319) annually. The Southern Black Bear 
Range is outlined in black, with a mean abundance of 3,150 bears (95% HPDI: 2380 – 4324) and 
3,536 bears (95% HPDI: 2,666 – 4,591) in 2017 and 2018, respectively. 
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Table 4.1. The number of sites in each year (2015 – 2018) with only a barbed wire hair snare, only trail camera, or both, in each of the 
5 NYSDEC regions across the 73,475 km2 study region in southern New York, USA.  

 2015 2016 2017 2018 

Region Snare Camera Both Snare Camera Both Snare Camera Both Snare Camera Both 

3 18 18 18 0 36 0 0 47 47 0 47 47 

4 18 18 18 0 36 0 0 50 50 0 50 50 

7 18 20 20 0 43 25 0 51 51 0 51 51 

8 18 18 18 0 36 0 0 47 47 0 45 45 

9 18 18 18 0 43 25 0 47 47 0 45 45 

Total 90 92 92 0 194 50 0 242 242 0 238 238 
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Table 4.2. Summary of spatial capture recapture and occupancy data of black bears collected at sites with barbed wire hair snare, trail 
camera, or both, across a 73,475 km2 study region in southern New York, USA per year from 2015 to 2018. Data do not include 6 
outlier detections removed from 2016,2017, and 2018. 

Year 2015 2016 2017 2018 
Total # sites 180 194 242 238 
Sites with hair snares 180 50 242 238 
Hair snares with detections (% of total) 29 (16%) 9 (18%) 106 (36%) 106 (45%) 
Individuals detected (F/M)  52 (33 / 19) 10 (4 / 6) 211 (110 / 101) 290 (148 / 142) 
Total detections  61  16  384  566  
Detections per individual (average /max) 1.2 / 3 1.8 / 4 1.8 / 9 2.0 / 13 
Spatial recaptures per ind (average / max) 0 1.2 /2 1.3 (4) 1.3 (7) 
Ave. spatial recapture distance (F / M) 0 6.9 (4.1 / 9.7) 3.4 (2.9 / 3.9) 4.5 (4.3/ 4.8) 
Inds detected from previous years  NA 0  4 75 
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Table 4.3 Summary of occupancy data of black bears collected with trail cameras across the 73,475 km2 study region in southern New 
York, USA per year from 2015 to 2018.  

Year 2015 2016 2017 2018 
Sites with cameras (Bushnell / Reconyx) 92/0 180/14 180/64 179/59 
Cameras with detections  41 (45%) 86 (45%) 120 (50%) 137 (58%) 
Total camera occasions 432 803 1,178 1,139 
Occasions with detections (% of total) 90 (21%) 208 (26%) 342 (29%) 381 (33%) 
Occasions with malfunctions (% of total) 28 (6%) 32 (4%) 32 (3%) 51 (4%) 
Average #camera days per occasion 13.1 13.2 13.7 13.5 
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Table 4.4. Number of sites per year across southern New York, USA with collocated hair snare and trail camera that had detections of 
black bears by one or both methods. The Jaccard/Tanimoto (J/T) similarity coefficient is reported separately for Bushnell and 
Reconyx trail cameras, all significant at α = 0.05 level.  

  Detection types J/T coefficient 
Year # Sites  Snare only Camera only Snare + Camera Bushnell  Reconyx  
2015 92 0 29 12 0.18 NA 
2016 50 2 8 7 0.26 0.31 
2017 242 3 33 87 0.42 0.47 
2018 238 2 34 103 0.40 0.37 
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Table 4.5. Model averaged estimates of the means and standard errors (se) of detection probability parameters and coefficients in the 
single season and dynamic occupancy (OCC) models with OCC data from 2015 – 2018, at the 25 km2 scale across the 73,475 km2 
study region in southern New York, USA. Dashes indicate covariates that were not assessed due to insignificance in earlier stages of 
model selection (i.e., camera type) or not relevant (i.e., year differences in single season models). Bolded estimates indicate 
significance at the α = 0.15 level (i.e., 85% confidence intervals). Coefficients are reported on the logit scale.  

 p0  Days Camera type 2016 2017 2018 
Year mean se mean se mean se mean se mean se mean se 
2015 -0.60 0.75 0.95 2.86 - - - - - - - - 
2016 -0.27 0.20 1.1 0.34 -0.55 0.80 - - - - - - 
2017 0.24 0.14 0.12 0.16 0 0.15 - - - - - - 
2018 0.01 0.22 0.71 0.46 0.39 0.42 - - - - - - 
Dynamic -0.36 0.36 0.64 0.17 - - 0.23 0.32 0.48 0.43 0.45 0.41 
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Table 4.6. Model averaged estimates of the means and standard errors (se) of occupancy 
probability (ψ0, 25 km2 scale) parameters and coefficients in the single season and dynamic 
occupancy (OCC) models with OCC data from 2015 – 2018, across the 73,475 km2 study region 
in southern New York, USA. Covariates include the percentages of total forest cover (deciduous, 
evergreen, and mixed), landscape level index of interspersion and juxtaposition (iji), and human 
development (open and low intensity). Dashes indicate covariates that were not assessed due to 
insignificance in earlier stages of model selection. Bolded estimates indicate significance at the α 
= 0.15 level (i.e., 85% confidence intervals). Coefficients are reported on the logit scale. 

 ψ0  % Forest % iji  % Development 
Year mean se mean se mean se mean se 
2015 -0.08 0.35 0.54 0.63 -0.62 0.64 0.04 0.25 
2016 -0.14 0.27 0.60 0.48 -0.29 0.43 -0.08 0.27 
2017 0 0.24 1.15 0.34 -0.03 0.21 0 0.18 
2018 0.46 0.33 10.9 0.51 -0.14 0.39 -0.08  
Dynamic -0.84 0.63 1.62 0.96 - - - - 
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Table 4.7. Model averaged estimates of the means and standard errors (se) of colonization (γ) 
and extinction (ε) parameters and coefficients in the dynamic occupancy (OCC) model with 
OCC data from 2015 – 2018, at the 25 km2 scale across the 73,475 km2 study region in southern 
New York, USA. The intercept refers to the baseline probabilities for the 2015 – 2016 transition 
given average values of percentages of different landcover types, including total forest cover, 
landscape interspersion (iji) and development. Landcover coefficients refer to a change in 
occupancy with 1 SD deviation increase in landcover percentage. Year coefficients refer to the 
transitions between 2016-2017 nd 2017-2018. No covariates were significant at the α = 0.15 
level (i.e., 85% confidence intervals). Parameters are reported on the logit scale. 

 γ  ε  
Parameter mean se mean se 

intercept -1.11 0.43 -2.93 8.41 
% forest 0.31 0.38 -0.59 0.66 
% landscape iji  -0.12 0.28 0.45 0.83 
% development  0 0.29 0.09 0.49 
2016 -0.11 0.39 0.30 8.41 
2017 -0.03 0.27 0.31 8.39 
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Table 4.8. Model averaged estimates of the means and standard errors (se) of detection 
probability (p0) and coefficients in the single and multiseason spatial capture recapture (SCR) 
models with SCR data from 2017 - 2018, at the 25 km2 scale across the 73,475 km2 study region 
in southern New York, USA. Baseline probability (p0) refers to the initial detection probability of 
a female bear at a barbed wire site with a Bushnell trail camera, such that covariates model the 
change due to sex (Male), trap-happy behavioral responses for subsequent detection (Behavior), 
and presence of a Reconyx camera (Camera) instead. Dashes indicate covariates that were not 
relevant (i.e., year differences in single season models). Bolded estimates indicate significance at 
the α = 0.15 level (i.e., 85% confidence intervals). Parameters are reported on the logit scale. 

  p0  Male Behavior Camera Year 
Year/Model mean se mean se mean se mean se mean se 
2017 -2.33 0.19 -0.9 0.23 1.81 0.2 0.6 0.13 - - 
2018 -2.82 0.16 -0.81 0.18 2.43 0.18 0.61 0.11 - - 
2017 + 2018 -2.6 0.14 -0.84 0.15 2.16 0.14 0.63 0.08 -0.03 0.08 
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Table 4.9. Model averaged estimates of the means and standard errors (se) of sigma parameters 
(σ, which is the female baseline, and coefficient Male) and sex ratios per year in the single and 
multiseason spatial capture recapture (SCR) models with SCR data from 2017 - 2018, in the 
73,475 km2 study region in southern New York, USA. Dashes indicate covariates that were not 
relevant (i.e., year differences in single season models). Bolded estimates indicate significance at 
the α = 0.15 level (i.e., 85% confidence intervals). Coefficients are reported on the log scale.  

  σ (km)  Male 
Year Sex Ratio 

(Year 1) 
Sex Ratio 
(Year 2) 

Year / Model mean se mean se mean se mean se mean se 
2017  0.71 0.07 0.48 0.12 - - -0.26 0.23 - - 
2018 1.22 0.06 0.01 0.05 - - 0.49 0.19 - - 
2017+2018  0.84 0.06 0.27 0.09 0.26 0.06 0.02 0.06 0.02 0.07 
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Table 4.10. Model averaged estimates of the means and standard errors (se) of density 
parameters and coefficients in the single and multi-season spatial capture-recapture (SCR) 
models with SCR data from 2017 - 2018, at the 25 km2 scale across the 73,475 km2 study region 
in southern New York, USA. Covariates on the baseline density per 25 km2 (d0) include the 
percentages of total forest cover (deciduous, evergreen, and mixed), landscape level index of 
interspersion and juxtaposition (iji), and human development (open and low intensity). 
Landcover coefficients refer to a change in density with 1 SD deviation increase in landcover 
percentage. Dashes indicate covariates that were not assessed due to insignificance in earlier 
stages of model selection or that were not relevant. Bolded estimates indicate significance at the 
α = 0.15 level (i.e., 85% confidence intervals). Parameters are reported on the log scale. 

  d0  % Forest % iji 
% 

Development Year 
Year / Model mean se mean se mean se mean se mean se 
2017  -0.57 0.21 1.66 0.2 0.16 0.1 -0.02 0.04 - - 
2018  -0.28 0.19 1.73 0.16 0.28 0.08 0 0.03 - - 
2017+2018  -0.43 0.14 1.73 0.12 0.23 0.06 - - -0.02 0.06 
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Table 4.11. Model averaged estimates of the means and standard errors (se) of parameters in 
robust Jolly-Seber models with spatial capture-recapture (SCR) data from 2015 – 2018, at the 25 
km2 scale across the 73,475 km2 study region in southern New York, USA. The d0 intercept 
refers to baseline density in 2015, with beta coefficients for each subsequent year; population 
dynamics include survival probability (Φ) and fecundity (f) of females, with beta coefficients for 
sex (male) on each, and population growth rate (λ). The p0 intercept refers to the baseline, initial 
detection probability of a female at a barbed wire hair site with a Bushnell camera, with beta 
coefficients for subsequent trap-happy response (behavior), sex (male), and Reconyx camera. 
Survival and  detection parameters are on the logit scale; density, fecundity, and population 
growth rate parameters are on the log scale.  
 
Parameter mean se 
Density   

d0.(Intercept) -0.35 0.16 
d.beta 2016 -0.85 0.37 
d.beta 2017 1.03 0.16 
d.beta 2018 1.37 0.15 

Dynamics   
Φ 0.14 0.25 
Φ.beta male -0.78 0.46 
f -0.12 0.16 
f.beta male 0.13 0.25 
λ 0.32 0.08 

Detection    
p0.(Intercept) -2.77 0.12 
p.beta behavior 2.28 0.13 
p0.beta male -0.69 0.14 
p0.beta camera 0.71 0.08 
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Table 4.12. Posterior estimates of overall and conditional detection probability parameters and coefficients for each year using the 
dependent, integrated model for black bears with spatial capture-recapture (SCR) and occupancy (OCC) data in the 73,475 km2 study 
region in southern New York, USA. Means and the 95% Highest Posterior Density Interval (HPDI) are provided. The overall 
detection probabilities are on the logit scale, while the conditional probabilities are on the multinomial logit scale and can be 
backtransformed as described in the Methods.  

 
 Overall detection probability Conditional, method-specific detection probability 
 p0 Bushnell Reconyx π2,1 π2.2 π3,1 π3,2 
 mean (HPDI) mean (HPDI) mean (HPDI) mean (HPDI) mean (HPDI) mean (HPDI) mean (HPDI) 
2017 -1.8 (-3.0 – -0.8) 1.5 (0.5 –2.6) 2.1 (1.0 – 3.3) 1.5 (0.9 – 2.1) -1.2 (-2.0 – -0.4) 1.3 (-0.6 – 2.0) -0.7 (-1.6 – 0.4) 
2018 -1.4 (-2.0 – -0.7) 0.8 (0.2 – 1.5) 2.0 (1.2 – 2.8) 0.6 (0.2 – 1.1) 0.3 (-0.6 – 1.2) 0.5 (-0.1 – 1.1) 0.8 (-0.3 – 1.9) 
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Table 4.13. Posterior estimates of sigma (km), baseline density (d0), and coefficient of percent 
forest cover on density (% Forest), for each year using the dependent, integrated model for black 
bears with spatial capture-recapture (SCR) and occupancy (OCC) data  study region in southern 
New York, USA. Means and the 95% Highest Posterior Density Interval (HPDI) are provided. 
Density parameters are on the logarithmic scale.  

 
  σ  d0 % Forest 
Year  mean HPDI mean HPDI mean HPDI 
2017 1.66 1.51 – 1.82 -3.05 -3.2 – -2.8 0.45 0.32 – 0.59 
2018 1.93 1.78 – 2. 08 -3.01 -3.2 – -2.8 0.56 0.43 – 0.65 
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APPENDIX 1 (Chapter 1) 
 

This appendix contains supporting tables and figures for data and results introduced in Chapter 1. 
 

 
Appendix 1 Figure 1. Plots of log likelihood and Delta K results for determining the optimal K in 
STRUCTURE analyses for microsatellite samples of n=212 black bears collected across 9 states 
in the northeastern US. K=5 was identified using the highest log likelihood of the probability of 
the data, regardless of whether sampling location was used as a prior. K=5 was identified as the 
second best K value using the ΔK method, with either K=2 or K=3 identified as the optimal 
depending on if the location prior was used. 
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Appendix 1 Figure 2. STRUCTURE results for microsatellite samples of n=212 black bears collected across 9 states in the 
northeastern US, across K=2 to K=6 values. The  ˜ indicates that K=5 was identified as the optimal K value according to the log 
likelihood of the probability of the data, regardless of whether sampling location was used as a prior. However, the ΔK method 
inconsistently identified K=2 (*) when sampling location was not included as a prior and K=3 (^) when it was (Appendix Figure 1). 
The order of populations, shown underneath each plot, are: 1) Maine, 2) New Hampshire, 3) Vermont, 4) Connecticut, 6) New Jersey, 
7) Pennsylvania, 8) Maryland, 9) West Virginia, 51)New York Adirondacks, 52) New York Catskills, and 53) New York Allegany.
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Appendix 1 Figure 3. Plot of principle coordinates analysis of the first 2 of 3 retained axes, using 
microsatellite data from n=212 black bears in 9 states across the northeastern US. 
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Appendix 1 Figure 4. Unrooted neighbor-joining tree based on bootstrapped microsatellite Fst 
estimates for samples collected from n=212 black bears in 9 states across the northeastern US.  
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Appendix 1 Table 1. Pairwise Fst between sampling locations identified for samples of black 
bears collected in 9 states across the northeastern US. Microsatellite estimates are presented 
below the diagonal (n = 212 bears), and mitochondrial estimates above the diagonal (n = 364 
bears). The Adirondacks, Catskills, and Allegany ranges in New York are abbreviated as Adk, 
Cat, and Alg, respectively. 

  ME NH VT CT Adk Cat Alg NJ PA MD WV 
ME - 0.17 0.14 0.52 0.15 0.19 0.18 0.51 0.19 0.34 0.20 
NH 0.05 - 0.12 0.68 0.14 0.10 0.05 0.52 0.05 0.20 0.09 
VT 0.04 0.11 - 0.30 0.10 0.14 0.11 0.57 0.07 0.33 0.11 
CT 0.04 0.09 0 - 0.53 0.60 0.62 0.96 0.50 0.83 0.89 
Adk 0.03 0.03 0.04 0.10 - 0.10 0.07 0.47 0.10 0.28 0.19 
Cat 0.04 0.08 0.06 0.09 0.03 - 0.08 0.34 0.06 0.13 0.21 
Alg 0.03 0.09 0.08 0.08 0.04 0.05 - 0.52 0.01 0.24 0.08 
NJ 0.07 0.14 0.12 0.11 0.08 0.04 0.06 - 0.37 0.25 0.83 
PA 0.04 0.12 0.11 0.10 0.05 0.06 0 0.06 - 0.13 0.12 
MD 0.03 0.09 0.06 0.09 0.04 0.04 0.02 0.06 0.05 - 0.50 
WV 0.04 0.09 0.09 0.08 0.07 0.08 0.06 0.11 0.06 0.02 - 
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Appendix 1 Table 2. Estimates of effective population size, Ne, by sampling location, using 
microsatellite data from n=212 American black bears collected across 9 states in the northeastern 
US.  

Location Estimate 95% CI 
Maine 67.9 35.8 – 296.7 
New Hampshire ∞ ∞ 
Vermont ∞ ∞ 
Connecticut 36.5 12.5 - ∞ 
NY Adirondacks 123.8 38.7- ∞ 
NY Catskills 114.3 47.8- ∞ 
NY Allegany 185 82.9- ∞ 
Pennsylvania ∞ 142- ∞ 
New Jersey ∞ 152.4- ∞ 
Maryland 879.7 138.3- ∞ 
West Virginia 97 20.6- ∞ 
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Appendix 1 Table 3. Haplotype frequency per sampling population for n=364 black bears 
collected in 9 states in the northeastern US. The Adirondacks, Catskills, and Allegany ranges in 
New York are abbreviated as Adk, Cat, and Alg, respectively. The two most frequent haplotypes 
are shown in bold. 

 Haplotype ME NH Adk CT VT Cat NJ Alg MD PA WV 
XXIII 14 0 9 0 1 0 0 0 0 0 0 
XIX 13 1 0 0 0 0 0 0 0 0 0 
VI 7 0 0 0 0 0 0 0 0 0 0 
V 5 0 0 0 0 0 0 0 0 0 0 
VII 4 0 0 0 0 0 0 0 0 0 0 
II 2 9 7 0 1 16 0 50 15 10 15 
XX 2 0 0 0 0 0 0 0 0 0 0 
XXI 1 0 1 21 2 1 0 0 0 4 0 
XVI 0 3 6 0 0 0 0 2 0 0 0 
XVIII 0 1 0 0 0 0 0 0 0 0 0 
XVII 0 0 14 0 0 0 0 0 0 0 0 
XXIV 0 0 10 0 0 0 0 0 0 0 0 
VIII 0 0 7 0 1 0 0 0 0 0 0 
XIV 0 0 2 0 0 0 0 0 0 0 0 
XXII 0 0 1 0 0 19 11 7 29 8 0 
XIII 0 0 1 0 0 0 0 0 0 0 0 
XII 0 0 0 0 0 10 0 2 0 0 0 
XI 0 0 0 0 0 1 0 0 0 0 0 
X 0 0 0 0 0 0 1 0 0 0 0 
IV 0 0 0 0 0 0 0 8 0 3 0 
XI 0 0 0 0 0 0 0 1 0 0 0 
XV 0 0 0 0 0 0 0 0 1 0 0 
III 0 0 0 0 0 0 0 0 0 3 0 
I 0 0 0 0 0 0 0 0 0 0 1 
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APPENDIX 2 (Chapter 3) 
 
This appendix provides proof of the equivalency between the latent and marginal encounter 
history formulations introduced in Chapter 3. 
 
From the latent formulation, I assume  

𝑦𝑦2𝑖𝑖𝑖𝑖𝑖𝑖~ 𝐵𝐵𝐵𝐵𝑈𝑈𝑈𝑈𝑈𝑈𝐵𝐵𝐵𝐵𝐵𝐵𝑈𝑈(𝑝𝑝2𝑖𝑖𝑖𝑖𝑖𝑖) 
it follows then that 

��𝑦𝑦2𝑖𝑖𝑖𝑖𝑖𝑖

𝑁𝑁

𝑖𝑖=1

�~𝐵𝐵𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝐵𝐵𝐵𝐵 (𝑁𝑁,𝑝𝑝2𝑖𝑖𝑖𝑖𝑖𝑖) 

Therefore the probability of 0 individuals of N being detected at trap j on occasion k is  

�𝑁𝑁0� 𝑝𝑝2𝑖𝑖𝑖𝑖
0 �1 − 𝑝𝑝2𝑖𝑖𝑖𝑖�

𝑁𝑁−0
=

𝑁𝑁!
0! (𝑁𝑁 − 0)!

 × 𝑝𝑝2𝑖𝑖𝑖𝑖0 × �1 − 𝑝𝑝2𝑖𝑖𝑖𝑖�
𝑁𝑁−0

 

= 1 × 1 × �1 − 𝑝𝑝2𝑖𝑖𝑖𝑖�
𝑁𝑁

 
= (1 − 𝑝𝑝2𝑖𝑖𝑖𝑖)𝑁𝑁 

This is equivalent to 𝛼𝛼jk in the marginal formulation, the probability of trap j detecting no 
individuals on occasion k: 

𝛼𝛼𝑖𝑖𝑖𝑖 = �𝑝𝑝∗𝑖𝑖𝑖𝑖𝑖𝑖

𝑁𝑁

𝑖𝑖=1

=  � 1 − 𝑝𝑝2𝑖𝑖𝑖𝑖𝑖𝑖

𝑁𝑁

𝑖𝑖=1

= (1 − 𝑝𝑝2𝑖𝑖𝑖𝑖)𝑁𝑁 
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APPENDIX 3 (Chapter 3) 
 
This appendix provides the spatial and temporal designs used in simulations in Chapter 3. 
 
 

 

Appendix 3 Figure 1. Spatial arrangements of sampling locations for data collection. A) JSCR = 
25 SCR traps were spaced 1.5σ apart on a 900 km2 grid centered on a 10,000 km2 landscape. B-
D) JPA = (25, 50, 100) opportunistic PA locations were uniformly distributed and successively 
added over a 6,400 km2 region. The multi-season simulations used the a) and c) arrangements. 
The dashed lines delineate the extents of SCR and PA sampling that leave 7σ and 2σ buffers, 
respectively, to the landscape edge. 
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Appendix 3: Table 8. Combinations of SCR and PA detection probabilities used to collect data 
for the single-season model. Each of 8 combinations of detection probabilities, represented by a 
check mark, was used for JPA = (25, 50, 100) P- A locations. 
 

PA detection probabilities (pPA) N/A 
(SCR only) 0.1 0.2 0.6 

pSCR = 0.05 √ - √ - 
pSCR = 0.10 √ - √ - 
pSCR = 0.20 √ √ √ √ 
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Appendix 3 Table 9. Seven sampling scenarios with different temporal combinations of SCR and 
PA data collection. SCR data were systematically collected at JSCR = 25 traps with pSCR = 0.05 
detection probability. PA data were collected opportunistically at JPA = 50 with pPA = 0.20 
detection probability.  
 
Scenario Description Seasons with 

SCR data 
Seasons with 
PA data 

1. Baseline; all years SCR 1,2,3,4 - 
2. Baseline; all years SCR + PA 1,2,3,4 1,2,3,4 
3. Alternating; SCR 1,3 - 
4. Alternating; SCR + PA 1,3 1,2,3,4 
5. Bookend; SCR 1,4 - 
6. Bookend; SCR + PA 1,4 1,2,3,4 
7. One year SCR + PA 1 1,2,3,4 
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APPENDIX 4 (Chapter 3) 
 
This appendix provides the results from the single-season simulations in Chapter 3. 
 
 
Appendix 4 Table 1. Variance in posterior estimates of abundance with the single-season model, when opportunistic PA data at JPA= 
(0, 25, 50, 100) locations with pPA = (0.1, 0.2, 0.6) detection probabilities were added to SCR data with pSCR = (0.05, 0.10, 0.20) 
detection probabilities. Percentages represent decreases in variance compared to when only SCR data were used. An “-“ indicates 
combination that was not considered. Bold indicates that fewer than 200 simulations were used due to lack of convergence.  
 
Appendix 4 Table 1. Variance in posterior abundance estimates 
 PA locations 
 0 25 50 100 
PPA N/A 0.1 0.2 0.6 0.1 0.2 0.6 0.1 0.2 0.6 

pSCR = 0.05 2578 - 1806 (-
30%) - - 1618 (-

37%) - - 1371 (-
47%) - 

pSCR = 0.10 782 - 591 (-25%) - - 511 (-35%) - - 441 (-44%) - 

pSCR = 0.20 408 333 (-18%) 325 (-20%) 280 (-
31%) 

289 (-
29%) 258 (-37%) 223 (-

45%) 
236 

(42%) 201 (-51%) 167 (-59%) 
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Appendix 4 Table 2. Mode bias in posterior estimates of abundance with the single-season model, when opportunistic PA data at JPA= 
(0, 25, 50, 100) locations with pPA = (0.1, 0.2, 0.6) detection probabilities were added to SCR data with pSCR = (0.05, 0.10, 0.20) 
detection probabilities. Percentages represent decreases in mode bias compared to when only SCR data were used. An “-“ indicates 
combination that was not considered. Bold indicates that fewer than 200 simulations were used due to lack of convergence. 
 
Appendix 4 Table 2. Mode bias in posterior estimates of abundance 
 PA locations 
 0 25 50 100 
PPA N/A 0.1 0.2 0.6 0.1 0.2 0.6 0.1 0.2 0.6 

pSCR = 0.05 -5.1 - -2.6 (-
49%) - - -4.8 (-6%) - - -3.4 (-

33%) - 

pSCR = 0.10 -2.9 - -2.6 (-10%) - - -0.8 (-76%) - - -0.5 (83%) - 

pSCR = 0.20 -4.4 -3.5 (-20%) -1.4 (-68%) -1.6 (-
64%) 

-3.0 (-
32%) -1.5 (-67%) -0.9 (-

80%) 
-3.2 (-
27%) -1.4 (68%) -0.9 (-

80%) 
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Appendix 4 Table 3. Root mean squared error (RMSE) in posterior estimates of abundance with the single season joint model, when 
opportunistic PA data at JPA= (0, 25, 50, 100) locations with pPA= (0.1, 0.2, 0.6) detection probabilities were added to SCR data with 
pSCR = (0.05, 0.10, 0.20) detection probabilities. Percentages represent decreases in RMSE compared to when only SCR data (and 0 
PA locations) were used. An “-“ indicates combination that was not considered. Bold indicates that fewer than 200 simulations were 
used due to lack of convergence.  
 
Appendix 4 Table 3. Root mean squared error in posterior abundance estimates 

 PA locations 
 0 25 50 100 

PPA N/A 0.1 0.2 0.6 0.1 0.2 0.6 0.1 0.2 0.6 

pSCR = 0.05 47 - 41 (-
13%) - - 33 (-30%) - - 34 (-28%) - 

pSCR = 0.1 27 - 23 (-
13%) - - 22 (-19%) - - 21 (-21%) - 

pSCR = 0.2 22 20 (-
8%) 

19 (-
14%) 

17 (-
26%) 

17 (-
22%) 17 (-25%) 15 (-33%) 16 (-

28%) 15 (-34%) 13 (-40%) 
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APPENDIX 5 (Chapter 3) 
This appendix provides the results from the multiseason simulations in Chapter 3. 
 
 
Appendix 5 Table 1. Variance in posterior mean abundance over four seasons with 7 multi-season sampling scenarios. Comparisons 
are made between various sampling scenarios in which either only SCR data were collected in varying seasons at JSCR = 25 traps with 
pSCR = 0.05 detection probability or PA were collected in all seasons at JPA = 50 locations with pPA = 0.20 detection probability. 
Scenario comparisons for each season are denoted by “/”. Percentages reflect the comparative reduction (-) or gain in variance.  
 
Appendix 5 Table 1. 
Scenario 1  
(SCR only) Scenario 2 Season 1 Season 2 Season 3 Season 4 Mean Δ 
Seasons 1-4 SCR seasons 1-4, with PA  659 / 288 (-56%) 457 / 247 (-46%) 456 / 248 (-46%) 645 / 290 (-55%) -51% 
Seasons 1,4 SCR seasons 1,4, with PA  974 / 575 (-41%) 729 / 535 (-27%) 950 / 536 (-44%) 1835 / 574 (-69%) -45% 
Seasons 1,3 SCR seasons 1,3, with PA  889 / 478 (-46%) 681 / 450 (-34%) 860 / 460 (-47%) 1607 / 536 (-67%) -49% 
Seasons 1-4 SCR in season 1, with PA 659 / 644 (-2%) 457 / 669 (46%) 456 / 741 (38%) 645 / 773 (20%) 25% 
Seasons 1,4 SCR in season 1, with PA  974 / 644 (-34%) 729 / 669 (-8%) 950 / 741 (-22%) 1835 / 773 (-58%) -31% 
Seasons 1,3 SCR in season 1, with PA  889 / 644 (-28%) 681 / 669 (-2%) 860 / 741 (-14%) 1607 / 773 (-52%) -24% 
Seasons 1-4 SCR seasons 1,4, with PA  659 / 575 (-13%) 457 / 535 (17%) 456 / 536 (18%) 645 / 574 (-11%) 3% 
Seasons 1-4 SCR seasons 1,3, with PA  659 / 478 (-27%) 457 / 450 (-2%) 456 / 460 (1%) 645 / 536 (-17%) -11% 
Seasons 1-4 SCR in seasons 1,4 659 / 974 (48%) 457 / 729 (60%) 456 / 950 (108%) 645 / 1835 (184%) 100% 
Seasons 1-4 SCR in seasons 1,3 659 / 889 (35%) 457 / 681 (49%) 456 / 860 (89%) 645 / 1607 (149%) 81% 
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Appendix 5 Table 2. Mode bias in posterior mean abundance over four seasons with 7 multi-season sampling scenarios. Comparisons 
are made between various sampling scenarios in which either only SCR data were collected in varying seasons at JSCR = 25 traps with 
pSCR = 0.05 detection probability or PA were collected in all seasons at JPA = 50 locations with pPA = 0.20 detection probability. 
Scenario comparisons for each season are denoted by “/”. Percentages reflect the comparative reduction (-) or gain in bias.  
 
Appendix 5 Table 2. 
Scenario 1 
(SCR only) Scenario 2 Season 1 Season 2 Season 3 Season 4 Mean Δ 
Seasons 1-4 SCR seasons 1-4, with PA  -1.6 / -0.3 (-80%) -2.7 / -0.4 (-90%) -3.1 / -0.4 (-90%) -4.2 / -1.5 (-60%) -80% 
Seasons 1,4 SCR seasons 1,4, with PA  -6.7 / 0.5 (-108%) -6.2 / -0.1 (-98%) -8.5 / -0.5 (-94%) -13.8 / -1.4 (-90%) -97% 
Seasons 1,3 SCR seasons 1,3, with PA  -8.6 / -1.4 (-84%) -9.9 / -1.7 (-83%) -11.8 / -1.4 (-88%) -14.9 / -1.6 (-89%) -86% 
Seasons 1-4 SCR in season 1, with PA  -1.6 / -2.5 (54%) -2.7 / -0.3 (-88%) -3.1 / -0.4 (-87%) -4.2 / 0.3 (-107%) -57% 
Seasons 1,4 SCR in season 1, with PA -6.7 / -2.5 (-63%) -6.2 / -0.3 (-95%) -8.5 / -0.4 (-95%) -13.8 / 0.3 (-102%) -89% 
Seasons 1,3 SCR in season 1, with PA -8.6 / -2.5 (-71%) -9.9 / -0.3 (-97%) -11.8 / -0.4 (-97%) -14.9 / 0.3 (-102%) -92% 
Seasons 1-4 SCR seasons 1,4, with PA  -1.6 / 0.5 (-132%) -2.7 / -0.1 (-98%) -3.1 / -0.5 (-84%) -4.2 / -1.4 (-66%) -95% 
Seasons 1-4 SCR seasons 1,3, with PA  -1.6 / -1.4 (-13%) -2.7 / -1.7 (-38%) -3.1 / -1.4 (-56%) -4.2 / -1.6 (-61%) -42% 
Seasons 1-4 SCR in season 1,4 -1.6 / -6.7 (316%) -2.7 / -6.2 (128%) -3.1 / -8.5 (170%) -4.2 / -13.8 (229%) 211% 
Seasons 1-4 SCR in season 1,3 -1.6 / -8.6 (437%) -2.7 / -9.9 (264%) -3.1 / -11.8 (276%) -4.2 / -14.9 (256%) 308% 
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Appendix 5 Table 3. Root mean squared error (RMSE) in posterior mean abundance, N, over four seasons with 7 different multi-
season sampling scenarios. Comparisons are made between various scenarios in which either only SCR data were in varying seasons 
at JSCR = 25 traps with pSCR = 0.05 detection probability or PA data were collected in all seasons at JPA = 50 locations with pPA = 0.20 
detection probability. Scenario comparisons for each season are denoted by “/”. Percentages reflect the reduction (-) or gain in bias.  
 
Appendix 5 Table 3. 
Scenario 1  
(SCR only) Scenario 2 Season 1 Season 2 Season 3 Season 4 Mean Δ 
Seasons 1-4 SCR seasons 1-4, with PA  26 / 18 (-31%) 21 / 16 (-24%) 21 / 16 (-24%) 24 / 16 (-33%) -28% 
Seasons 1,4 SCR seasons 1,4, with PA  29 / 25 (-14%) 30 / 24 (-20%) 29 / 24 (-17%) 34 / 24 (-29%) -20% 
Seasons 1,3 SCR seasons 1,3, with PA  29 / 22 (-24%) 25 / 21 (-16%) 28 / 22 (-21%) 35 / 23 (-34%) -24% 
Seasons 1-4 SCR in season 1, with PA 26 / 26 (0%)  21 / 30 (43%) 21 / 31 (48%) 24 / 31 (29%) 30% 
Seasons 1,4 SCR in season 1, with PA  29 / 26 (-10%) 30 / 30 (0%) 29 / 31 (7%) 34 / 31 (-9%) -35% 
Seasons 1,3 SCR in season 1, with PA 29 / 26 (-10%) 25 / 30 (20%) 28 / 31 (11%) 35 / 31 (-11%) 2% 
Seasons 1-4 SCR seasons 1,4, with PA  26 / 25 (-4%) 21 / 24 (14%) 21 / 24 (14%) 24 / 24 (0%) 6% 
Seasons 1-4 SCR seasons 1,3, with PA  26 / 22 (-15%) 21 / 21 (0%) 21 / 22 (5%) 24 / 23 (-4%) -4% 
Seasons 1-4 SCR in seasons 1,4 26 / 29 (12%) 21 / 30 (43%) 21 / 29 (38%) 24 / 34 (42%) 34% 
Seasons 1-4 SCR in seasons 1,3 26 / 29 (12%) 21 / 25 (19%) 21 / 28 (33%) 24 / 35 (46%) 27% 
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Appendix 5 Table 4. Mean variance, mode bias, and mean RMSE in posterior estimates of per capita recruitment rate, γ, over four 
seasons with 7 different multi-season sampling scenarios. Comparisons are made between various scenarios in which either only SCR 
data were in varying seasons at JSCR = 25 traps with pSCR = 0.05 detection probability or PA data were collected in all seasons at JPA = 
50 locations with pPA = 0.20 detection probability. Scenario comparisons are denoted by “/”. Percentages reflect the reduction (-) or 
gain in bias. Only simulations in which annual abundance and per capita recruitment rate reached convergence were used, resulting in 
196, 122, and 153 simulations used for the ‘baseline’, ‘bookend’, and ‘alternating’ scenarios with only SCR data, respectively. For the 
respective scenarios with opportunistic PA data, 198, 182, and 179 simulations were used. For the scenario with SCR data in only the 
first season, 115 simulations were used. 
 
Appendix 5 Table 4 
Scenario 1 Scenario 2 Mean Variance Mode Bias Mean RMSE 
Seasons 1-4 SCR seasons 1-4, with PA 0.01 / 0 (-55%) 0.03 / 0.01 (-61%) 0.1 / 0.06 (-35%) 
Seasons 1,4 SCR seasons 1,4, with PA 0.04 / 0.01 (-82%) 0.14 / 0.02 (-84%) 0.24 / 0.08 (-67%) 
Seasons 1,3 SCR seasons 1,3, with PA 0.03 / 0.01 (-71%) 0.07 / 0.03 (-63%) 0.15 / 0.07 (-52%) 
Seasons 1-4 SCR seasons 1, with PA 0.01 / 0.01 (22%) 0.03 / 0.06 (127%) 0.1 / 0.11 (16%) 
Seasons 1,4 SCR seasons 1, with PA 0.04 / 0.01 (-66%) 0.14 / 0.06 (-60%) 0.24 / 0.11 (-53%) 
Seasons 1,3 SCR seasons 1, with PA 0.03 / 0.01 (-51%) 0.07 / 0.06 (-19%) 0.15 / 0.11 (-24%) 
Seasons 1-4 SCR seasons 1,4, with PA  0.01 / 0.01 (-34%) 0.03 / 0.02 (-11%) 0.1 / 0.08 (-18%) 
Seasons 1-4 SCR seasons 1,3, with PA  0.01 / 0.01 (-26%) 0.03 / 0.03 (3%) 0.1 / 0.07 (-27%) 
Seasons 1-4 SCR in seasons 1,4 0.01 / 0.04 (260%) 0.03 / 0.14 (462%) 0.1 / 0.24 (150%) 
Seasons 1-4 SCR in seasons 1,3 0.01 / 0.03 (152%) 0.03 / 0.07 (179%) 0.1 / 0.15 (53%) 
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Appendix 5 Table 5. Mean variance, mode bias, and mean RMSE in posterior estimates of annual survival rate, ϕ, over four seasons 
with 7 different multi-season sampling scenarios. Comparisons are made between various scenarios in which either only SCR data 
were in varying seasons at JSCR = 25 traps with pSCR = 0.05 detection probability or PA data were collected in all seasons at JPA = 50 
locations with pPA = 0.20 detection probability. Scenario comparisons are denoted by “/”. Percentages reflect the reduction (-) or gain 
in bias. Only simulations in which annual abundance and survival rate reached convergence were used, resulting in 190, 122, and 152 
simulations used for the ‘baseline’, ‘bookend’, and ‘alternating’ scenarios with only SCR data, respectively. For the respective 
scenarios with opportunistic PA data, 198, 180, and 180 simulations were used. For the scenario with SCR data in only the first 
season, 116 simulations were used. 
 
Appendix 5 Table 5 
Scenario 1 Scenario 2 Variance Mode Bias RMSE 
Seasons 1-4 SCR seasons 1-4, with PA 0.01 / 0 (-43%) -0.02 / -0.01 (-61%) 0.09 / 0.07 (-25%) 
Seasons 1,4 SCR seasons 1,4, with PA 0.02 / 0.01 (-66%) -0.12 / -0.02 (-82%) 0.17 / 0.08 (-54%) 
Seasons 1,3 SCR seasons 1,3, with PA 0.01 / 0.01 (-56%) -0.06 / -0.02 (-64%) 0.13 / 0.08 (-40%) 
Seasons 1-4 SCR seasons 1, with PA 0.01 / 0.01 (56%) -0.02 / -0.05 (109%) 0.09 / 0.11 (20%) 
Seasons 1,4 SCR seasons 1, with PA 0.02 / 0.01 (-38%) -0.12 / -0.05 (-60%) 0.17 / 0.11 (-37%) 
Seasons 1,3 SCR seasons 1, with PA 0.01 / 0.01 (-28%) -0.06 / -0.05 (-24%) 0.13 / 0.11 (-15%) 
Seasons 1-4 SCR seasons 1,4, with PA  0.01 / 0.01 (-14%) -0.02 / -0.02 (-6%) 0.09 / 0.08 (-11%) 
Seasons 1-4 SCR seasons 1,3, with PA  0.01 / 0.01 (-4%) -0.02 / -0.02 (-2%) 0.09 / 0.08 (-15%) 
Seasons 1-4 SCR in seasons 1,4 0.01 / 0.02 (152%) -0.02 / -0.12 (422%) 0.09 / 0.17 (92%) 
Seasons 1-4 SCR in seasons 1,3 0.01 / 0.01 (117%) -0.02 / -0.06 (176%) 0.09 / 0.13 (42%) 
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Appendix 5 Table 6. Mean variance, mode bias, and mean RMSE in derived posterior estimates of population growth, λ, over four 
seasons with 7 different multi-season sampling scenarios. Comparisons are made between various scenarios in which either only SCR 
data were in varying seasons at JSCR = 25 traps with pSCR = 0.05 detection probability or PA data were collected in all seasons at JPA = 
50 locations with pPA = 0.20 detection probability. Scenario comparisons are denoted by “/”. Percentages reflect the reduction (-) or 
gain in bias. Only simulations in which annual abundance, and survival and per capita recruitment rates reached convergence were 
used, resulting in 190, 119, and 152 simulations used for the ‘baseline’, ‘bookend’, and ‘alternating’ scenarios with only SCR data, 
respectively. For the respective scenarios with opportunistic PA data, 198, 180, and 179 simulations were used. For the scenario with 
SCR data in only the first season, 114 simulations were used. 
 
Appendix 5 Table 6 
Scenario 1 Scenario 2 Variance Mode Bias RMSE 
Seasons 1-4 SCR seasons 1-4, with PA 0.01 / 0.003(-87%) 0.0037 / 0.0010 (-72%) 0.10 / 0.05 (-43%) 
Seasons 1,4 SCR seasons 1,4, with PA 0.02 / 0.003(-85%) 0.0099 / 0.0008 (-92%) 0.15 / 0.06 (-62%) 
Seasons 1,3 SCR seasons 1,3, with PA 0.02 / 0.003 (-81%) 0.0071 / 0.0036 (-49%) 0.14 / 0.06 (-57%) 
Seasons 1-4 SCR seasons 1, with PA 0.01 / 0.004 (-57%) 0. 0037 / 0.0097 (162%) 0.10 / 0.06 (-34%) 
Seasons 1,4 SCR seasons 1, with PA 0.02 / 0.004 (-83%) 0. 0099 / 0. 0097 (-2%) 0.15 / 0.06 (-58%) 
Seasons 1,3 SCR seasons 1, with PA 0.02 / 0.004 (-79%) 0. 0071 / 0. 0097 (137%) 0.14 / 0.06 (-54%) 
Seasons 1-4 SCR seasons 1,4, with PA  0.01 / 0.003 (-64%) 0.0037 / 0.0008 (-79%) 0.10 / 0.06 (-40%) 
Seasons 1-4 SCR seasons 1,3, with PA  0.01 / 0.003 (-62%) 0.0037 / 0.0036 (-3%) 0.10 / 0.06 (-38%) 
Seasons 1-4 SCR in seasons 1,4 0.01 / 0.02 (152%) -0.02 / -0.12 (422%) 0.09 / 0.17 (92%) 
Seasons 1-4 SCR in seasons 1,3 0.01 / 0.01 (117%) -0.02 / -0.06 (176%) 0.09 / 0.13 (42%) 
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APPENDIX 6 (Chapter 3) 
This appendix provides the capture data from simulations in Chapter 3. 
 
Appendix 6: Table 1. Detection data collected by spatial capture recapture (SCR) at JSCR=25 
traps with 1 of 3 detection probabilities pSCR=(0.20,0.10, 0.05),and presence-absence (PA) 
sampling at 3 locations, JPA=(25,50,100),with pPA=0.20 detection probability. Detection data in 
PA sampling are latent because individual identities are not observed. 
 
SCR detection probability (pSCR) 0.20 0.10 0.05 
Individuals detected, Total 22 18 12 
Individuals detected, Per occasion 8 4 2 
Average spatial recaptures, Total 4 2 2 
Traps with 0 individuals detected, Overall 3 7 13 
    
PA locations (JPA) 25  50  100  
Individuals detected, Total 37 56 76 
Individuals detected, Per occasion 8 16 32 
Average spatial recaptures, Total 2 3 4 
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APPENDIX 7 (Chapter 3) 
 
This appendix provides the R code and JAGS models used in simulations in Chapter 3. 
 
# dataGen_IPM.R: This R script simulates data  
################### 
##data parameters 
################### 
#statespace 
xlim <- c(0, 100) 
ylim <- c(0, 100) 
#population 
M <- 300  
psi <- 0.33 #data augmentation  
gamma <-0.2  
phi <- 0.8 
sigma <- 5 
#sampling  
p0.s<-0.5 
p0.o<-0.2 
K <- 10 #occasions 
T<-4 # primary sampling periods 
J.s<-25 
J.o<-50 
co <- seq((xlim[1]+7*sigma), (xlim[2]-7*sigma), length=sqrt(J.s)) 
X.s <- cbind(rep(co, each=length(co)), rep(co, times=length(co))) 
X.o <-cbind(runif(J.o, (xlim[1]+2*sigma), (xlim[2]-2*sigma)),runif(J.o, (xlim[1]+2*sigma), 
(xlim[2]-2*sigma))) 
 
#################### 
###data generation 
#################### 
simdata <- function(M, psi, gamma, phi, p0.s,p0.o, sigma,  
                    xlim, ylim, X.s,X.o, K, T) { 
  J.s <- nrow(X.s)   # number of SCR traps 
  J.o <- nrow(X.o)   # number of PA traps 
  s <- array(NA, c(M, 2, T)) # empty array to fill with activity centers 
  z <- a <- matrix(NA, M, T) # empty matrix for population membership 
  s[,,1] <- cbind(runif(M, xlim[1], xlim[2]), runif(M, ylim[1], ylim[2])) # random activity centers 
  z[,1] <- rbinom(M, 1, psi) # create first year's pop with M from psi. 
  a[,1] <- z[,1]  # recruited in first year if z=1 
  EB <- sum(z[,1])*gamma # Expected number of births 
  delta <- EB / (M-sum(a[,1])) # Divided by number of available recruits 
  if(delta > 1) 
    stop("delta > 1") 
  for(t in 2:T) {  # for subsequent occasions 
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    z[,t] <- rbinom(M, 1, z[,t-1]*phi + (1-a[,t-1])*delta) # in population if survived or recruited 
    a[,t] <- apply(z[,1:t,drop=FALSE], 1, max) # available for recruitment?  
    if(sum(a[,t]) >= M) # makes sure individuals that exceed M aren't recruited 
      stop("A > M") 
    EB <- sum(z[,t])*gamma 
    delta <- EB / (M - sum(a[,t])) 
    if(delta > 1) 
      stop("delta > 1") 
    s[,1,t] <- s[,1,t-1] # constant activity centers 
    s[,2,t] <- s[,2,t-1] # constant activity centers 
  } 
  ##for scr data 
  yall.s <- array(0, c(M, J.s, K, T)) # create empty array to put in data 
  for(j in 1:J.s) { 
    for(k in 1:K) { 
      for(t in 1:T) { 
        d2.s <- (X.s[j,1] - s[,1,t])^2 + (X.s[j,2] - s[,2,t])^2 
        p.s <- p0.s * exp(-d2.s/(2*sigma^2)) 
        yall.s[,j,k,t] <- rbinom(M, 1, p.s*z[,t]) 
      } 
    } 
  } 
  y.s <- yall.s[rowSums(yall.s) > 0,,,] # keep only those individuals that were detected =>1x 
  O.s <- ifelse(apply(yall.s, 2:4, sum) > 0, 1, 0) # if detected =>1x, then O=1  
  ##for PA data 
  ################ 
  yall.o <- array(0, c(M, J.o, K, T)) # create empty array to put in data 
  # yall <- array(0, c(M, J, T)) 
  for(j in 1:J.o) { 
    for(k in 1:K) { 
      for(t in 1:T) { 
        d2.o <- (X.o[j,1] - s[,1,t])^2 + (X.o[j,2] - s[,2,t])^2 
        p.o <- p0.o * exp(-d2.o/(2*sigma^2)) 
        yall.o[,j,k,t] <- rbinom(M, 1, p.o*z[,t]) 
      } 
    } 
  } 
  y.o <- yall.o[rowSums(yall.o) > 0,,,] # keep only those individuals that were detected =>1x 
  O.o <- ifelse(apply(yall.o, 2:4, sum) > 0, 1, 0) # if detected =>1x, then O=1  
  return(list(yall.s=yall.s, yall.o=yall.o,y.s=y.s, O.s=O.s,y.o=y.o, O.o=O.o, z=z, s=s, 
X.s=X.s,X.o=X.o, 
              xlims=xlim, ylims=ylim)) 
} 
nsims <- 1 
stub <- "test_IM" 
for(i in 1:nsims) { 
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  obj.i <- paste("dat.", stub, "_",i, sep="") 
  dat.i <- simdata(M=M, psi=psi, gamma=gamma, phi=phi, 
                   p0.s=p0.s, # 
                   p0.o=p0.o, # 
                   sigma=sigma, 
                   xlim=xlim, ylim=ylim, X.s=X.s, X.o=X.o, K=K, T=T) 
  assign(obj.i, dat.i) 
} 
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#fitMod_IPM.R: This R script runs the models in the JAGS files using the data from 
dataGen_IPM.R 
### Fit various models 
 
########################## 
### fit marginal closed model 
########################## 
 
library(jagsUI) 
M<-300 
init_simple <- function() { 
  zi <- matrix(0L, M, jdat.i$T) 
  zi[1:(dim(y)[1])] <- 1 # give 1's to indviduals who were detected by SCR 
  sii <- apply(y, c(1,2), sum) 
  si <- cbind(runif(M, xlims[1], xlims[2]), 
              runif(M, ylims[1], ylims[2])) 
  for(i in 1:nrow(sii)) { 
    si[i,1] <- mean(X.s[sii[i,] > 0, 1]) 
    si[i,2] <- mean(X.s[sii[i,] > 0, 2]) 
  } 
  list(z = zi,  
       s = si, 
       p0.S=0.2, p0.O=0.2, 
       sigma=5) 
} 
pars <- c("N","psi","p0.S","p0.O","sigma","Never") 
 
for(i in 1:nsims){ 
  name.i <- paste("dat.", stub, "_", i, sep = "") 
  obj.i <- get(name.i) 
  out.i <- paste("out.", stub, "_", i, sep = "") 
  y <- obj.i$y.s[, , , 1] # observed SCR data for first T 
  dim.y <- dim(y) 
  y.orig <- array(0L, c(dim.y[1] + 1, dim.y[2], dim.y[3])) 
  y.orig [1:nrow(y), , ] <- 
    y # observed data augmented only with 1 row 
  O <- obj.i$O.o[, , 1] 
  X.s <- as.matrix(obj.i$X.s) 
  X.o <- as.matrix(obj.i$X.o) 
  xlims <- obj.i$xlims 
  ylims <- obj.i$ylims 
  jdat.i <- list( 
    y.orig = y.orig, 
    n = nrow(y.orig) - 1, 
    O = O, 
    M = M, 
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    #M=dim.y[1], 
    J.s = dim.y[2], 
    X.s = X.s, 
    J.o = dim(O)[[1]], 
    X.o = X.o, 
    K = dim.y[3], 
    T = 1, 
    xlims = xlims, 
    ylims = ylims 
  ) 
  out <- 
    jags( 
      "MarginalModel_closed.JAG", 
      data = jdat.i, 
      inits = init_simple, 
      parallel = TRUE, 
      n.chains = 3, 
      n.burnin = 2000, 
      n.adapt = 100, 
      n.iter = 5000, 
      parameters.to.save = pars 
    ) 
  assign(out.i, out) 
  save(list = out.i, file = paste(out.i, ".gzip", sep = "")) 
  rm(name.i, obj.i, out.i, out) 
} 
########################## 
### fit marginal open model 
########################## 
library("jagsUI") 
init_simple <- function() { 
  zi <- matrix(0L, M, jdat.i$T) 
  zi[1:(5 * (dim(y)[1])), ] <- 1 
  sii <- apply(y, c(1, 2), sum) 
  si <- cbind(runif(M, xlims[1], xlims[2]), 
              runif(M, ylims[1], ylims[2])) 
  for (i in 1:nrow(sii)) { 
    si[i, 1] <- mean(X.s[sii[i, ] > 0, 1]) 
    si[i, 2] <- mean(X.s[sii[i, ] > 0, 2]) 
  } 
  list( 
    z = zi, 
    s = si, 
    gamma = 0.2, 
    phi = 0.8, 
    p0.S = 0.05, 
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    p0.O = 0.2, 
    sigma = 5 
  ) 
} 
pars <- 
  c("N", "psi", "p0.S", "p0.O", "sigma", "Never", "gamma", "b", "phi") 
 
for (i in 1:nsims) { 
  name.i <- paste("dat.", stub, "_", i, sep = "") 
  obj.i <- get(name.i) 
  out.i <- paste("out.", stub, "_", i, sep = "") 
  y <- obj.i$y.s # observed SCR data for all T 
  dim.y <- dim(y) 
  y.orig <- 
    array(0L, c(dim.y[1] + 1, dim.y[2], dim.y[3], dim.y[4])) 
  y.orig [1:nrow(y), , , ] <- 
    y # observed data augmented only with 1 row 
  O <- obj.i$O.o[, , ] 
  X.s <- as.matrix(obj.i$X.s) 
  X.o <- as.matrix(obj.i$X.o) 
  xlims <- obj.i$xlims 
  ylims <- obj.i$ylims 
  jdat.i <- list( 
    y.orig = y.orig, 
    n = nrow(y.orig) - 1, 
    O = O, 
    M = M, 
    J.s = dim.y[2], 
    X.s = X.s, 
    J.o = dim(O)[[1]], 
    X.o = X.o, 
    K = dim.y[3], 
    T = dim.y[4], 
    xlims = xlims, 
    ylims = ylims 
  ) 
  out <- 
    jags( 
      "MarginalModel_open.JAG", 
      data = jdat.i, 
      inits = init_simple, 
      parallel = TRUE, 
      n.chains = 3, 
      n.burnin = 2000, 
      n.adapt = 100, 
      n.iter = 5000, 
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      parameters.to.save = pars 
    ) 
  assign(out.i, out) 
  save(list = out.i, file = paste(out.i, ".gzip", sep = "")) 
  rm(name.i, obj.i, out.i, out) 
} 
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#margMulti_IPM.JAG: This JAGS file includes the “marginal” formulation for the open, multi- 
season model 
##################### 
MarginalModel_open  
##################### 
data{ # data augmentation 
  for(i in 1:n){ 
    for(j in 1:J.s){ 
      for (k in 1:K){  
        y[i,j,k,1]<-y.orig[i,j,k,1] 
        y[i,j,k,2]<-y.orig[i,j,k,2] 
        y[i,j,k,3]<-y.orig[i,j,k,3] 
        y[i,j,k,4]<-y.orig[i,j,k,4] 
      }}} 
  for(i in (n+1):M){ 
    for(j in 1:J.s){ 
      for (k in 1:K){ 
        y[i,j,k,1]<-y.orig[n+1,j,k,1] 
        y[i,j,k,2]<-y.orig[n+1,j,k,2] 
        y[i,j,k,3]<-y.orig[n+1,j,k,3] 
        y[i,j,k,4]<-y.orig[n+1,j,k,4] 
      }}} 
} 
model{ 
  psi ~ dbeta(1,1)   
  phi ~ dbeta(1,1)   
  gamma ~ dgamma(1, 0.001)  
  p0.S ~ dbeta(1,1) 
  p0.O ~ dbeta(1,1) 
  sigma ~ dgamma(1, 0.001) 
  for(t in 1:T) { #(T-1)) { 
    N[t] <- sum(z[,t])   
    b[t] <- min(N[t]*gamma / max(M - sum(a[,t]), 0.001), 0.999) 
  } 
  for(i in 1:M) { 
    z[i,1] ~ dbern(psi) 
    a[i,1] <- z[i,1] # recruited yet? 
    s[i,1] ~ dunif(xlims[1], xlims[2]) 
    s[i,2] ~ dunif(ylims[1], ylims[2]) 
    for(j in 1:J.s) { 
      d2.s[i,j] <- (s[i,1]-X.s[j,1])^2 + (s[i,2]-X.s[j,2])^2 
      p.S[i,j] <- p0.S*exp(-d2.s[i,j] / (2*sigma^2)) 
    } 
    for(j in 1:J.o) { 
      for (t in 1:T){ 
        d2.o[i,j,t] <- (s[i,1]-X.o[j,1])^2 + (s[i,2]-X.o[j,2])^2 
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        p.O[i,j,t] <- p0.O*exp(-d2.o[i,j,t] / (2*sigma^2)) 
      } 
    } 
    for(j in 1:J.s) { 
      for(k in 1:K) { 
        # years with SCR data 
        y[i,j,k,1] ~ dbern(p.S[i,j]*z[i,1]) 
        y[i,j,k,2] ~ dbern(p.S[i,j]*z[i,2]) 
        y[i,j,k,3] ~ dbern(p.S[i,j]*z[i,3]) 
        y[i,j,k,4] ~ dbern(p.S[i,j]*z[i,4]) 
      } #k 
    }#j.s  
    for(j in 1:J.o){ 
      # years with PA data 
      pn[i,j,1] <- (1-(p.O[i,j,1]*z[i,1])) 
      pn[i,j,2] <- (1-(p.O[i,j,2]*z[i,2])) 
      pn[i,j,3] <- (1-(p.O[i,j,3]*z[i,3])) 
      pn[i,j,4] <- (1-(p.O[i,j,4]*z[i,4])) 
    } #j.o 
    zi[i] <- (sum(z[i,]) > 0) # Was this bear ever alive? 
    for(t in 2:T) { 
      mu[i,t-1] <- z[i,t-1]*phi + (1 - a[i,t-1])*b[t-1] 
      z[i,t] ~ dbern(mu[i,t-1]) 
      a[i,t] <- max(z[i,1:t]) # recruited yet? 
    } 
  }#m 
  for(j in 1:J.o) { #for every trap 
    for(k in 1:K) { #for every secondary sampling occasion 
      # for(t in 1:T) { #for the number of years that PA data were collected 
      O[j,k,1]~ dbern(1-prod(pn[,j,1])) # trapj detecting at least 1 ind on occasionk and yeart 
      O[j,k,2]~ dbern(1-prod(pn[,j,2])) # is a bern draw of 1- not detecting  
      O[j,k,3]~ dbern(1-prod(pn[,j,3])) 
      O[j,k,4]~ dbern(1-prod(pn[,j,4])) 
      # } #t 
    }#k 
  }#j.o 
  Never <- sum(zi[]) # Bears ever alive 
} 
  



 

206 

#latentMulti_IPM.JAG: This JAGS file includes the “latent” formulation for the open, multi- 
season model 
##################### 
LatentModel_open 
##################### 
data{ 
  for(i in 1:n){ 
    for(j in 1:J.s){ 
      for (k in 1:K){  
        y[i,j,k,1]<-y.orig[i,j,k,1] 
        y[i,j,k,2]<-y.orig[i,j,k,2] 
        y[i,j,k,3]<-y.orig[i,j,k,3] 
        y[i,j,k,4]<-y.orig[i,j,k,4] 
      }}} 
  for(i in (n+1):M){ 
    for(j in 1:J.s){ 
      for (k in 1:K){ 
        y[i,j,k,1]<-y.orig[n+1,j,k,1] 
        y[i,j,k,2]<-y.orig[n+1,j,k,2] 
        y[i,j,k,3]<-y.orig[n+1,j,k,3] 
        y[i,j,k,4]<-y.orig[n+1,j,k,4] 
      }}}  
} 
model{  
  psi ~ dbeta(1,1)  # M*psi = E[N(1)] 
  phi ~ dbeta(1,1)  # survival 
  gamma ~ dgamma(1, 0.001)  
  p0.S ~ dbeta(1,1) 
  p0.O ~ dbeta(1,1) 
  sigma ~ dgamma(1, 0.001) 
  for(t in 1:T) { #(T-1)) { 
    N[t] <- sum(z[,t])   
    b[t] <- min(N[t]*gamma / max(M - sum(a[,t]), 0.001), 0.999) 
  }  
  for(i in 1:M) { 
    z[i,1] ~ dbern(psi) 
    a[i,1] <- z[i,1] # recruited yet? 
    s[i,1] ~ dunif(xlims[1], xlims[2]) 
    s[i,2] ~ dunif(ylims[1], ylims[2]) 
    for(j in 1:J.s) { 
      d2.s[i,j] <- (s[i,1]-X.s[j,1])^2 + (s[i,2]-X.s[j,2])^2 
      p.S[i,j] <- p0.S*exp(-d2.s[i,j] / (2*sigma^2)) 
    } 
    for(j in 1:J.o) { 
      for (t in 1:T){ 
        d2.o[i,j,t] <- (s[i,1]-X.o[j,1])^2 + (s[i,2]-X.o[j,2])^2 
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        p.O[i,j,t] <- p0.O*exp(-d2.o[i,j,t] / (2*sigma^2)) 
      } 
    }  
    for(j in 1:J.s) { 
      for(k in 1:K) { 
        # years with SCR data 
        y[i,j,k,1] ~ dbern(p.S[i,j]*z[i,1]) 
        y[i,j,k,2] ~ dbern(p.S[i,j]*z[i,2]) 
        y[i,j,k,3] ~ dbern(p.S[i,j]*z[i,3]) 
        y[i,j,k,4] ~ dbern(p.S[i,j]*z[i,4]) 
      } #k 
    }#j.s 
    for(j in 1:J.o){ 
      for (k in 1:K){ 
        y.pa[i,j,k,1] ~ dbern(p.O[i,j,1]*z[i,1]) 
        y.pa[i,j,k,2] ~ dbern(p.O[i,j,2]*z[i,2]) 
        y.pa[i,j,k,3] ~ dbern(p.O[i,j,3]*z[i,3]) 
        y.pa[i,j,k,4] ~ dbern(p.O[i,j,4]*z[i,4])  
      }#k 
    }#j.o 
    zi[i] <- (sum(z[i,]) > 0) # Was this bear ever alive? 
    for(t in 2:T) { 
      mu[i,t-1] <- z[i,t-1]*phi + (1 - a[i,t-1])*b[t-1] 
      z[i,t] ~ dbern(mu[i,t-1]) 
      a[i,t] <- max(z[i,1:t]) # recruited yet? 
    } 
  }#m 
  cuts[1]<-0.9  
  cuts[2]<-999 # if C>0.9 and <999, then O=1 
  for (j in 1:J.o){ 
    for (k in 1:K){ 
      for (t in 1:4){ 
        C[j,k,t] <- sum(y.pa[,j,k,t]) # counts by trap 
        O[j,k,t] ~ dinterval(C[j,k,t],cuts) #pa data 
      } 
    } 
  }  
  Never <- sum(zi[]) # Bears ever alive 
} 
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#margSingle_IM.JAG: This JAGS file includes the “marginal” formulation for the closed, single 
season model 
##################### 
MarginalModel_closed 
##################### 
data{ 
  for(i in 1:n){ 
    for(j in 1:J.s){ 
      for (k in 1:K){ 
        y[i,j,k]<-y.orig[i,j,k] 
      }}} 
  for(i in (n+1):M){ 
    for(j in 1:J.s){ 
      for (k in 1:K){ 
        y[i,j,k]<-y.orig[n+1,j,k] 
      }}}  
} 
model{ 
  psi ~ dbeta(1,1)    # M*psi = E[N(1)] 
  p0.S ~ dbeta(1,1) 
  p0.O ~ dbeta(1,1) 
  sigma ~ dgamma(1, 0.001) 
  for(t in 1:T) { #(T-1)) { 
    N[t] <- sum(z[,t])     # Number of females 
  } 
  for(i in 1:M) { 
    z[i,1] ~ dbern(psi) 
    a[i,1] <- z[i,1] # recruited yet? 
    s[i,1] ~ dunif(xlims[1], xlims[2]) 
    s[i,2] ~ dunif(ylims[1], ylims[2]) 
    for(j in 1:J.s) { 
      d2.s[i,j] <- (s[i,1]-X.s[j,1])^2 + (s[i,2]-X.s[j,2])^2 
      p.S[i,j] <- p0.S*exp(-d2.s[i,j] / (2*sigma^2)) 
    } 
    for(j in 1:J.o) { 
      for (t in 1:T){ 
        d2.o[i,j,t] <- (s[i,1]-X.o[j,1])^2 + (s[i,2]-X.o[j,2])^2 
        p.O[i,j,t] <- p0.O*exp(-d2.o[i,j,t] / (2*sigma^2)) 
      } 
    } 
    for(j in 1:J.s) { 
      for(k in 1:K) { 
        # years with SCR data 
        y[i,j,k] ~ dbern(p.S[i,j]*z[i,1]) 
      } #k 
    }#j.s 
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    for(j in 1:J.o){ 
      pn[i,j] <- (1-(p.O[i,j,1]*z[i,1])) 
    } #j.o 
    zi[i] <- (sum(z[i,]) > 0) # Was this bear ever alive? 
  }#m 
  for(j in 1:J.o) { #for every trap 
    for(k in 1:K) { #for every secondary sampling occasion 
      # for(t in 1:T) { #for the number of years that OCC data was collected 
      O[j,k]~ dbern(1-prod(pn[,j])) # trapj detecting at least 1 ind on occasionk and yeart 
      # is a bern draw of 1- not detecting  
      # } #t 
    }#k 
  }#j.o 
  Never <- sum(zi[]) # Bears ever alive 
}  



 

210 

APPENDIX 8 (Chapter 4) 
 
This appendix provides the figures and tables introduced in Chapter 4. 
 

 

Appendix 8 Figure 1. Location of a) n=180 sites 2015, b) n=194 sites in 2016, c) n=242 sites in 2017, and d) n=238 sites in 2018, to 
collect spatial capture recapture (SCR) data with barbed wire hair snares and occupancy (OCC) data with trail cameras (Bushnell or 
Reconyx), on black bears across the 73,475 km2 study region in southern New York, USA. Sites with only barbed wire hair snare 
sampling are indicated by white circles; sites with only trail camera sampling are indicated by pink triangles; sites with collocated 
barbed wire hair snare and trail camera sampling are indicated by black squares. 
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Appendix 8 Figure 2. Posterior predicted density of black bears in 2017 (left column) and 2018 
(right column) using the dependent, integrated model, across the 73,475 km2 study region in 
southern New York. Mean (top row), and lower and upper 95% Highest Posterior Density 
Intervals (middle and bottom rows) estimates are shown.
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Appendix 8 Figure 3. Posterior predicted density of black bears using only the SCR data in 2017 
and 2018 (top), and both the SCR and OCC data in the integrated model in 2017 (middle) and 
2018 (bottom) across the 73,475 km2 study region in southern New York. For comparability 
across models, percentage of forest cover was the only density covariate in all models, and sex 
and behavior covariates were excluded from the SCR-only model (top).  
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Appendix 8 Table 1. Model selection results for covariates influencing occupancy probability (ψ, 
25 km2 scale) and detection probability (p) of black bears at n=92 sites in 2015 across the 73,475 
km2 study region in southern New York, USA. Occupancy probability considered percentages of 
total forest cover (forest), open and low intensity development (dev), and landscape level 
interspersion-juxtaposition (iji), while detection probability considered the number of days that 
trail cameras operated (days). Quasi-Akaike’s Information Criterion (QAIC) was used, with a c-
hat measure of 1.7 based on the full model (bolded). K is the number of parameters.  

Occupancy (ψ) Detection (p) 
K QAICc ΔQAICc 

Cumulative 
Weight Q LL 

 iji    days 5 229.66 0 0.17 -109.48 
 forest    days 5 229.91 0.25 0.32 -109.61 
 iji    1 4 230.2 0.54 0.45 -110.87 
 forest    1 4 230.52 0.87 0.56 -111.03 
 forest + iji   days 6 230.82 1.16 0.65 -108.91 
 forest + iji   1 5 231.27 1.62 0.73 -110.29 
  iji + dev    days 6 231.8 2.14 0.78 -109.4 
  forest + dev    days 6 232.14 2.48 0.83 -109.57 
  iji + dev    1 5 232.31 2.66 0.88 -110.81 
  forest + dev + iji   days 7 232.69 3.03 0.92 -108.68 
  forest + dev    1 5 232.7 3.04 0.95 -111 
  forest + dev + iji   1 6 233.09 3.44 0.98 -110.05 
  1    days 4 236.4 6.75 0.99 -113.97 
  dev    days 5 236.73 7.08 0.99 -113.02 
  dev    days 4 237.64 7.99 1 -114.59 
  1    1 3 237.66 8 1 -115.69 
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Appendix 8 Table 2. Model selection results for covariates influencing occupancy (ψ, 25 km2 
scale)  and detection probability (p) of black bears at n=194 sites in 2016 across the 73,475 km2 
study region in southern New York, USA. Occupancy probability considered percentages of total 
forest cover (forest), open and low intensity development (dev), and landscape level 
interspersion-juxtaposition (iji), while detection probability considered the number of days that 
trail cameras operated (days) and type of trail camera (camera). I used quasi-Akaike’s 
Information Criterion (QAIC), with a c-hat measure of 2.6 based on the full model (bolded). K is 
the number of parameters.   

Occupancy (ψ) Detection (p) 
K QAICc ΔQAICc 

Cumulative 
Weight Quasi.LL 

 forest    days 5 319.93 0 0.18 -154.8 
 forest    days + camera 6 320.2 0.27 0.34 -153.88 
 forest + iji   days 6 321.1 1.17 0.45 -154.32 
 forest + iji   days + camera 7 321.21 1.28 0.54 -153.3 
 iji   days 5 321.71 1.78 0.62 -155.7 
 forest + dev    days 6 321.76 1.84 0.69 -154.66 
 iji   days + camera 6 321.83 1.91 0.76 -154.69 
 forest + dev    days + camera 7 322.08 2.15 0.82 -153.74 
 iji+ dev    days 6 322.97 3.05 0.86 -155.26 
 iji+ dev    days + camera 7 323.16 3.24 0.9 -154.28 
 forest + iji+ dev    days 7 323.17 3.24 0.94 -154.28 
 forest + iji+ dev    days + camera 8 323.33 3.4 0.97 -153.27 
 dev    days 5 324.75 4.82 0.99 -157.22 
 dev    days + camera 6 325.38 5.45 1 -156.47 
  1    days 4 330.39 10.46 1 -161.09 
  1    days + camera 5 331.23 11.3 1 -160.46 
 forest    1 4 340.03 20.1 1 -165.91 
 forest    camera 5 340.56 20.63 1 -165.12 
 forest + iji   1 5 341.15 21.22 1 -165.41 
 forest + iji   camera 6 341.49 21.56 1 -164.52 
 iji   1 4 341.71 21.78 1 -166.75 
 forest + dev    1 5 341.81 21.89 1 -165.75 
 iji   camera 5 342.02 22.1 1 -165.85 
 forest + dev    camera 6 342.38 22.45 1 -164.97 
 iji+ dev    1 5 342.95 23.02 1 -166.32 
 forest + iji+ dev    1 6 343.19 23.26 1 -165.37 
 IJI + dev    camera 6 343.34 23.42 1 -165.45 
 forest + iji+ dev    camera 7 343.57 23.65 1 -164.49 
 dev    1 4 344.73 24.8 1 -168.26 
 dev    camera 5 345.58 25.65 1 -167.63 
  1    1 3 350.39 30.46 1 -172.13 
  1    camera 4 351.45 31.52 1 -171.62 
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Appendix 8 Table 3. Model selection results for covariates influencing occupancy (ψ, 25 km2 
scale) and detection probability (p) of black bears at n=242 sites in 2017 across the 73,475 km2 
study region in southern New York, USA. Occupancy probability considered percentages of total 
forest cover (forest), open and low intensity development (dev), and landscape level 
interspersion-juxtaposition (iji), while detection probability considered the number of days that 
trail cameras operated (days) and type of trail camera (camera). I used quasi-Akaike’s 
Information Criterion (QAIC), with a c-hat measure of 2.6 based on the full model (bolded). K is 
the number of parameters.   

Occupancy (ψ) Detection (p) 
K QAICc ΔQAICc 

Cumulative 
Weight Quasi.LL 

 forest    days 5 445.43 0 0.22 -217.59 
 forest    1 4 445.9 0.47 0.4 -218.87 
 forest + iji   days 6 447.45 2.02 0.48 -217.55 
 forest + dev    days 6 447.53 2.1 0.56 -217.59 
 forest    days + camera 6 447.54 2.1 0.64 -217.59 
 forest + iji   1 5 447.9 2.47 0.7 -218.82 
 forest + dev    1 5 447.98 2.55 0.76 -218.86 
 forest    camera 5 447.99 2.55 0.83 -218.87 
 forest + iji+ dev    days 7 449.57 4.14 0.85 -217.55 
 forest + iji   days + camera 7 449.57 4.14 0.88 -217.55 
 forest + dev    days + camera 7 449.65 4.22 0.91 -217.59 
 forest + iji+ dev    1 6 450.01 4.57 0.93 -218.82 
 forest + iji   camera 6 450.01 4.57 0.95 -218.82 
 forest + dev    camera 6 450.08 4.65 0.98 -218.86 
 forest + iji+ dev    days + camera 8 451.71 6.28 0.99 -217.55 
 forest + iji+ dev    camera 7 452.13 6.69 0.99 -218.82 
 iji   days 5 455.52 10.09 1 -222.63 
 iji   1 4 456.01 10.58 1 -223.92 
 iji+ dev    days 6 456.31 10.88 1 -221.98 
 iji+ dev    1 5 456.76 11.33 1 -223.25 
 iji   days + camera 6 457.63 12.19 1 -222.63 
 iji   camera 5 458.1 12.67 1 -223.92 
 iji+ dev    days + camera 7 458.43 13 1 -221.98 
 dev    days 6 458.86 13.43 1 -223.25 
 iji+ dev    days + camera 5 458.99 13.56 1 -224.37 
 dev    1 4 459.42 13.99 1 -225.62 
 dev    days + camera 6 461.1 15.66 1 -224.37 
 dev    days + camera 5 461.5 16.07 1 -225.62 
  1    days 4 467.48 22.05 1 -229.66 
  1    1 3 467.94 22.5 1 -230.92 
  1    days + camera 5 469.57 24.13 1 -229.66 
  1    camera 4 470 24.57 1 -230.92 
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Appendix 8 Table 4. Model selection results for covariates influencing occupancy (ψ, 25 km2 
scale) and detection probability (p) of black bears at n=238 sites in 2018 across the 73,475 km2 
study region in southern New York, USA. Occupancy probability considered percentages of total 
forest cover (forest), open and low intensity development (dev), and landscape level 
interspersion-juxtaposition (iji), while detection probability considered the number of days that 
trail cameras operated (days) and type of trail camera (camera). I used quasi-Akaike’s 
Information Criterion (QAIC), with a c-hat measure of 4.0 based on the full model (bolded). K is 
the number of parameters.  

Occupancy (ψ) Detection (p) 
K QAICc ΔQAICc 

Cumulative 
Weight Quasi.LL 

 forest    days + camera 6 300.31 0 0.28 -143.97 
 forest    days 5 301.27 0.96 0.45 -145.51 
 forest + iji   days + camera 7 302.02 1.71 0.57 -143.77 
 forest + dev    days + camera 7 302.25 1.95 0.68 -143.88 
 forest + iji   days 6 302.96 2.65 0.75 -145.3 
 forest + dev    days 6 303.2 2.89 0.82 -145.42 
 forest + iji+ dev    days + camera 8 304.1 3.79 0.86 -143.74 
 forest + iji+ dev    days 7 305.02 4.72 0.88 -145.27 
 iji   days + camera 6 305.58 5.27 0.9 -146.61 
 iji+ dev    days + camera 5 306.04 5.73 0.92 -147.89 
 forest    camera 7 306.28 5.97 0.93 -145.9 
 iji   days 5 306.57 6.27 0.95 -148.16 
 iji+ dev    days 4 307.12 6.81 0.95 -149.47 
 forest    1 6 307.26 6.96 0.96 -147.45 
 dev    days + camera 6 307.76 7.45 0.97 -147.7 
 forest + iji   camera 6 307.99 7.69 0.98 -147.81 
 forest + dev    camera 6 308.1 7.8 0.98 -147.87 
 dev    days 5 308.82 8.52 0.99 -149.28 
 forest + iji   1 5 309.05 8.74 0.99 -149.4 
 forest + dev    1 5 309.16 8.85 0.99 -149.45 
 forest + iji+ dev    camera 7 309.84 9.53 0.99 -147.67 
 iji+ dev    1 6 310.88 10.57 1 -149.26 
 iji   camera 5 311.38 11.07 1 -150.56 
 iji+ dev    camera 6 312.13 11.83 1 -149.89 
 iji   1 4 312.5 12.19 1 -152.16 
 iji+ dev    1 5 313.24 12.93 1 -151.49 
  1    days + camera 5 313.95 13.64 1 -151.84 
 dev    camera 5 314.18 13.88 1 -151.96 
  1    days 4 315.11 14.81 1 -153.47 
 dev    1 4 315.33 15.03 1 -153.58 
  1    camera 4 319.92 19.62 1 -155.88 
  1    1 3 321.19 20.89 1 -157.55 
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Appendix 8 Table 5. Dynamic occupancy model selection results for covariates influencing first 
year occupancy (ψ in 2015, 25 km2 scale) and detection probability (p) of black bears at n=92 
sites across the 73,475 km2 study region in southern New York, USA. Occupancy probability 
considered percentage of total forest cover (forest), identified as a significant covariate in 2017 
and 2018, while detection probability across years considered year and the number of days that 
trail cameras operated (days), which was significant in 2016 and 2018. I used quasi-Akaike’s 
Information Criterion (QAIC), with a c-hat measure of 2.8 based on the global model, which 
included all landcover covariates on first year occupancy, colonization, and extinction 
probabilities, camera type and number of days cameras operated as covariates on detection 
probability, and year as a covariate on all parameters except first year occupancy. K is the 
number of parameters. 

Occupancy 
(ψ) 

Detection (p) 
K QAICc ΔQAICc 

Cumulative 
Weight Quasi.LL 

 forest   days + year 20 1213.02 0 0.57 -585.56 
 forest   days 17 1214.28 1.25 0.87 -589.45 
 1  days + year 19 1216.8 3.77 0.96 -588.54 
 1  days  16 1218.12 5.1 1 -592.45 
 forest   1 16 1239.24 26.21 1 -603.01 
 forest   year 19 1239.34 26.32 1 -599.81 
 1  1 15 1243.5 30.48 1 -606.21 
 1  year 18 1243.63 30.6 1 -603.04 
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Appendix 8 Table 6. Dynamic occupancy model selection results for covariates influencing 
colonization probability (γ, 25 km2 scale) for black bears across the 73,475 km2 study region in 
southern New York, USA from 2015- 2018. Colonization probability considered percentage of 
total forest cover (forest), open and low intensity development (dev), and landscape level 
interspersion-juxtaposition (iji). First year occupancy probability and detection probability were 
fixed to model structures best supported by model-averaging, while extinction probability was 
fixed to the global model (i.e., year and all landcover covariates). I used quasi-Akaike’s 
Information Criterion (QAIC), with a c-hat measure of 2.8 based on the full model, which 
included all landcover covariates on first year occupancy, colonization, and extinction 
probabilities, camera type and number of days cameras operated as covariates on detection 
probability, and year as a covariate on all parameters except first year occupancy. K is the 
number of parameters.  

Colonization (γ) K QAICc ΔQAICc 
Cumulative 

Weight Quasi.LL 
 forest 13 1207.15 0 0.24 -590.17 
 1 12 1208.06 0.92 0.40 -591.68 
 iji 13 1208.43 1.28 0.52 -590.81 
 forest + iji 14 1209.12 1.98 0.61 -590.09 
 forest + dev 14 1209.23 2.08 0.70 -590.15 
 dev 13 1209.87 2.73 0.76 -591.53 
 year + forest 15 1210.28 3.14 0.81 -589.6 
 dev + iji 14 1210.53 3.39 0.86 -590.8 
 forest + dev +iji 15 1211.12 3.97 0.89 -590.02 
 year 14 1211.59 4.45 0.91 -591.33 
 year + iji 15 1211.83 4.68 0.94 -590.38 
 year  + forest + iji 16 1212.26 5.11 0.96 -589.52 
 year + forest +dev 16 1212.39 5.24 0.97 -589.58 
 year  + dev 15 1213.39 6.25 0.99 -591.16 
 year + dev + iji 16 1213.96 6.82 0.99 -590.37 
 year + forest + dev + iji 17 1214.28 7.13 1 -589.45 
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Appendix 8 Table 7. Dynamic occupancy model selection results for covariates influencing 
extinction probability (ε, 25 km2 scale) for black bears across the 73,475 km2 study region in 
southern New York, USA from 2015-2018. Extinction probability considered percentage of total 
forest cover (forest), open and low intensity development (dev), and landscape level 
interspersion-juxtaposition (iji). First year occupancy probability, colonization probability, and 
detection probability were fixed to model structures best supported by model-averaging. I used 
quasi-Akaike’s Information Criterion (QAIC), with a chat measure of 2.8 based on the global 
model, which included all landcover covariates on first year occupancy, colonization, and 
extinction probabilities, camera type and number of days cameras operated as covariates on 
detection probability, and year as a covariate on all parameters except first year occupancy. K is 
the number of parameters. 

Extinction (ε) K QAICc ΔQAICc 
Cumulative 

Weight Quasi.LL 
 forest 8 1200.28 0 0.27 -591.98 
 iji 8 1201.29 1.02 0.43 -592.49 
 forest + iji 9 1201.77 1.50 0.55 -591.69 
 forest + dev 9 1202.34 2.06 0.65 -591.97 
 dev + iji 9 1203.02 2.75 0.72 -592.31 
 1 7 1203.17 2.90 0.78 -594.46 
 dev 8 1203.38 3.10 0.83 -593.53 
 forest + dev + iji 10 1203.86 3.58 0.88 -591.68 
 year + forest 10 1204.38 4.10 0.91 -591.95 
 year + iji 10 1205.17 4.89 0.94 -592.34 
 year + forest + iji 11 1205.96 5.69 0.95 -591.69 
 year  9 1206.31 6.03 0.96 -593.96 
 year +forest + dev 11 1206.48 6.21 0.98 -591.95 
 year + dev 10 1206.96 6.68 0.99 -593.23 
 year + dev + iji 11 1207.13 6.85 0.99 -592.27 
 year + forest + dev + iji 12 1208.06 7.79 1 -591.68 

 
  



 

220 

Appendix 8 Table 8. Spatial capture-recapture model selection results for covariates influencing 
detection probability (p) and sigma (σ, km), the range of individual movement, for black bears in 
2017 across the 73,475 km2 study region in southern New York, USA. Detection probability 
considered individual’s sex (sex) and behavior (b) as well as whether a Bushnell or Reconyx 
camera was set at a site (camera). Sigma considered sex (sex) as a covariate. Density was fixed 
to the global model, i.e., which included all landcover covariates. K is the number of parameters.  

Detection (p)  
Sigma 

(σ) logL K AIC ΔAIC 
Cumulative 

Weight 
 sex + b + camera    sex 1162 11 2346 0 1 
 b + camera    sex 1170 10 2359 14 1 
 sex + b + camera    1 1171 10 2361 16 1 
 sex + b    sex 1172 10 2365 19 1 
 b + camera    1 1173 9 2365 19 1 
 b    sex 1180 9 2379 33 1 
 sex + b    1 1182 9 2381 35 1 
 b    1 1184 8 2384 38 1 
 sex + camera    sex 1205 10 2430 84 1 
 sex + camera    1 1213 9 2443 97 1 
 camera    sex 1215 9 2448 102 1 
 camera    1 1217 8 2450 105 1 
 sex    sex 1217 9 2452 106 1 
 sex    1 1225 8 2466 121 1 
 1    sex 1227 8 2470 125 1 
 1    1 1229 7 2473 127 1 
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Appendix 8 Table 9. Spatial capture-recapture model selection results for covariates influencing 
detection probability (p) and sigma (σ, km), the range of individual movement, for black bears in 
2018 across the 73,475 km2 study region in southern New York. Detection probability 
considered individual’s sex (sex) and behavior (b) as well as whether a Bushnell or Reconyx 
camera was set at a site (camera). Sigma considered sex (sex) as a covariate. Density was fixed 
to the global model, which included all landcover covariates. K is the number of parameters. 

Detection (p)  
Sigma 

(σ) logL K AIC ΔAIC 
Cumulative 

Weight 
 sex + b + camera    1 1617 10 3254 0 0.71 
 sex + b + camera    sex 1617 11 3256 1.8 1 
 b + camera    sex 1626 10 3272 18 1 
 b + camera    1 1627 9 3273 18.6 1 
 sex + b    1 1634 9 3285 31 1 
 sex + b    sex 1634 10 3287 33 1 
 b    sex 1642 9 3302 47.4 1 
 b    1 1644 8 3303 48.8 1 
 sex + camera    1 1713 9 3445 190.5 1 
 sex + camera    sex 1713 10 3447 192.5 1 
 camera    sex 1720 9 3458 203.3 1 
 camera    1 1721 8 3459 204.5 1 
 sex    1 1742 8 3499 244.9 1 
 sex    sex 1742 9 3501 246.8 1 
 1    sex 1747 8 3509 254.9 1 
 1    1 1749 7 3512 257.7 1 
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Appendix 8 Table 10. Spatial capture-recapture model selection results for black bear density (25 
km2 scale ) in 2017 across southern New York. Density covariates considered percentages of 
total forest cover (forest), open and low intensity development (dev), and landscape level 
interspersion-juxtaposition (iji). Models for detection probability and sigma were fixed to the 
structure best supported in 2017.  

Density (d) logL K AIC ΔAIC 
Cumulative 

Weight 
 forest + iji 1162 10 2345 0 0.51 
 iji+ forest + dev 1162 11 2346 0.99 0.82 
 forest 1165 9 2347 2.69 0.95 
 forest + dev 1165 10 2349 4.56 1 
 iji+ dev 1213 10 2445 100.7 1 
 iji 1220 9 2459 113.91 1 
 dev 1222 9 2461 116.88 1 
 1 1279 8 2574 229.24 1 
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Appendix 8 Table 11. Spatial capture-recapture model selection results for black bear density (25 
km2 scale) in 2018 across the 73,475 km2 study region in southern New York. Density covariates 
considered percentages of total forest cover (forest), open and low intensity development (dev), 
and landscape level interspersion-juxtaposition (iji). Models for detection probability and sigma 
were fixed to the structure best supported in 2018.  

Density (d) logL K AIC ΔAIC 
Cumulative 

Weight 
 forest + iji 1617 10 3254 0 0.73 
 iji+ forest + dev 1617 11 3256 2 1 
 forest 1624 9 3265 11 1 
 forest + dev 1623 10 3267 13 1 
 iji+ dev 1683 10 3387 133 1 
 iji 1691 9 3400 146 1 
 dev 1692 9 3402 147 1 
 1 1755 8 3526 272 1 



 

224 

Appendix 8 Table 12. Spatial capture-recapture model selection results for black bears in 2017 and 2018 across the 73,475 km2 study 
region in southern New York. Covariates for density (25 km2 scale), detection probability, and sigma (σ, km) included year (year) and 
any that were identified as signficant in 2017 or 2018. Density covariates considered percentages of total forest cover (forest) and 
landscape level interspersion-juxtaposition (iji); detection covariates included individual’s sex (sex) and behavior (b) as well as 
whether a Bushnell or Reconyx camera was set at a site (camera) and considered year (year). Sigma covariates included individual’s 
sex (sex) and considered year (year). The sex ratio considered year as a covariate.  

Density (d) Detection (p) Sigma (σ) 
Sex 
Ratio logL K AIC ΔAIC 

Cumulative 
Weight 

forest + iji  sex + b + camera  sex + year 1 2787 11 5596 0 0.35 
forest + iji  sex + b + camera + year  sex + year 1 2787 12 5598 1.4 0.51 
forest + iji+ year  sex + b + camera  sex + year 1 2787 12 5598 1.7 0.66 
forest + iji  sex + b + camera  sex + year year  2787 12 5598 2 0.79 
forest + iji+ year  sex + b + camera + year  sex + year 1 2787 13 5600 3.3 0.86 
forest + iji  sex + b + camera + year  sex + year year  2787 13 5600 3.4 0.92 
forest + iji+ year  sex + b + camera  sex + year year  2787 13 5600 3.7 0.97 
forest + iji+ year  sex + b + camera + year  sex + year year  2787 14 5602 5.3 1 
forest + iji+ year  sex + b + camera  sex 1 2794 11 5609 12.5 1 
forest + iji+ year  sex + b + camera + year  sex 1 2793 12 5610 13.3 1 
forest + iji+ year  sex + b + camera  sex year  2793 12 5611 14.4 1 
forest  sex + b + camera  sex + year 1 2796 10 5611 14.5 1 
forest + iji  sex + b + camera + year  sex 1 2795 11 5611 15 1 
forest + iji+ year  sex + b + camera + year  sex year  2793 13 5612 15.3 1 
forest  sex + b + camera + year  sex + year 1 2795 11 5612 15.9 1 
forest + year  sex + b + camera  sex + year 1 2795 11 5613 16.2 1 
forest  sex + b + camera  sex + year year  2796 11 5613 16.5 1 
forest + iji  sex + b + camera + year  sex year  2795 12 5613 17 1 
forest + year  sex + b + camera + year  sex + year 1 2795 12 5614 17.8 1 
forest  sex + b + camera + year  sex + year year  2795 12 5614 17.9 1 
forest + year  sex + b + camera  sex + year year  2795 12 5615 18.2 1 
forest + year  sex + b + camera + year  sex + year year  2795 13 5616 19.7 1 
forest + iji  sex + b + camera  sex 1 2800 10 5621 24.5 1 
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forest + iji  sex + b + camera  sex year  2800 11 5623 26.5 1 
forest + year  sex + b + camera  sex 1 2802 10 5624 27.4 1 
forest + year  sex + b + camera + year  sex 1 2801 11 5625 28.2 1 
forest + year  sex + b + camera  sex year  2802 11 5626 29.3 1 
forest  sex + b + camera + year  sex 1 2803 10 5626 29.8 1 
forest + year  sex + b + camera + year  sex year  2801 12 5627 30.1 1 
forest  sex + b + camera + year  sex year  2803 11 5628 31.8 1 
forest  sex + b + camera  sex 1 2809 9 5636 39.4 1 
forest  sex + b + camera  sex year  2809 10 5638 41.4 1 
iji  sex + b + camera  sex + year 1 2918 10 5857 260.5 1 
iji  sex + b + camera + year  sex + year 1 2918 11 5858 261.9 1 
iji+ year  sex + b + camera  sex + year 1 2918 11 5859 262.2 1 
iji  sex + b + camera  sex + year year  2918 11 5859 262.4 1 
iji+ year  sex + b + camera + year  sex + year 1 2918 12 5860 263.8 1 
iji  sex + b + camera + year  sex + year year  2918 12 5860 263.9 1 
iji+ year  sex + b + camera  sex + year year  2918 12 5861 264.2 1 
iji+ year  sex + b + camera + year  sex + year year  2918 13 5862 265.8 1 
iji+ year  sex + b + camera  sex 1 2924 10 5868 271.6 1 
iji+ year  sex + b + camera + year  sex 1 2923 11 5869 272.4 1 
iji+ year  sex + b + camera  sex year  2924 11 5870 273.5 1 
iji  sex + b + v + year  sex 1 2925 10 5870 273.9 1 
iji+ year  sex + b + camera + year  sex year  2923 12 5871 274.3 1 
iji  sex + b + camera + year  sex year  2925 11 5872 275.9 1 
iji  sex + b + camera  sex 1 2931 9 5880 283.5 1 
iji  sex + b + camera  sex year  2931 10 5882 285.5 1 
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Appendix 8 Table 13. Spatial capture-recapture model selection results for black bears in 2015, 2016, 2017, and 2018 across the 
73,475 km2 study region in southern New York. Covariates for density (25 km2 scale), detection probability, and sigma (km) included 
year (year) and any that were identified as signficant in 2017 or 2018. Density considered year as a covariate (year); detection 
covariates included individual’s sex (sex) and behavior (b) as well as whether a Bushnell or Reconyx camera was set at a site (camera) 
and considered year (year). Sigma considered individual’s sex (sex).   

Density (d) Detection (p) Sigma (σ) logL K AIC dAIC 
Cumulative 

Weight 
year sex + b + camera 1 3396 10 6811 0 0.67 
year sex + b + camera sex 3395 11 6813 1.4 1 
year sex + b  1 3434 9 6885 73.6 1 
year sex + b  sex 3433 10 6887 75.2 1 
1 sex + b + camera 1 3481 7 6976 165 1 
1 sex + b + camera sex 3481 8 6978 166.3 1 
1 sex + b  1 3521 6 7053 241.6 1 
1 sex + b  sex 3520 7 7055 243.2 1 
year 1 sex 3623 8 7262 450.3 1 
year 1 1 3625 7 7264 452.9 1 
1 1 sex 3716 5 7442 630.7 1 
1 1 1 3718 4 7445 633.4 1 
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Appendix 8 Table 14. Robust Jolly-Seber model selection results for black bears in 2017 and 2018 across the 73,475 km2 study region 
in southern New York. I considered sex as a covariate for detection probability (p) , survival probability (Φ), and per-capita 
recruitment rate (f). K is the number of parameters. 
 

Detection (p) Survival (Φ) Recruitment (f)  logL K AICc ΔAICc Cumulative 
Weight 

sex sex sex -1919.42 7 3853.637 0 0.4522 
sex sex 1 -1920.5 6 3853.592 0.159 0.8698 
sex 1 1 -1923.2 5 3856.813 3.553 0.9463 
sex 1 sex -1922.55 6 3857.692 4.26 1 
1 sex sex -1932.11 6 3876.809 23.377 1 
1 sex 1 -1933.95 5 3878.319 25.059 1 
1 1 sex -1939.11 5 3888.648 35.388 1 
1 1 1 -1940.37 4 3889.028 35.911 1 
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APPENDIX 9 
 
This appendix provides a summary of results about New York black bear population density, 
occupancy, and genetic structure, and offers recommendations for future sampling protocols.  
 
Management Relevance 
Density and Occupancy Estimates 

Using hair snare data in spatial capture-recapture modeling, estimated black bear density 

in southern New York (i.e., Regions 3, 4, 7, 8, and 9) is a mean of 7.3 bears per 100 km2 (95% 

CI: 4.7 – 11.5 per 100 km2). Total predicted abundance is 5,337 bears (95% CI: 3,421– 8,418) 

(Appendix 9 Table 1). Within the Southern Black Bear Range (SBBR) specifically, mean total 

abundance is estimated to be 5,083 black bears (95% CI: 3,224 – 8,174). These estimates are 

higher than the current NYSDEC estimates of approximately 2,400 – 4,000 bears. Bear density is 

not uniform across southern New York (Appendix 9 Figure 1), with areas of highest density 

corresponding to the historical core Catskills and Allegany ranges (New York State Department 

of Environmental Conservation (NYSDEC) 2007). Estimated bear density reaches a maximum 

of 59 bears per 100 km2 in some areas of the Catskills, and other regions of high bear density 

include the northeastern portion of Region 4 (Rensselaer County) and the historical Allegany 

range. Baseline density increases significantly from a baseline of 2.6 bears per 100 km2 to 14.7 

bears per 100 km2 for every 25% increase in forest cover, and to 3.3 bears per 100 km2 for every 

8% increase in landcover interspersion-juxtaposition, which is a measure of the degree of “salt-

pepper” of landcover types across the landscape. 

Bear density also varies across zones of different management objectives, which include 

1) reducing, or maintaining 2) moderate or 3) low bear population levels (NYSDEC 2014) 

(Appendix 9 Table 1). Differences are consistent with the relative management objectives – i.e., 

highest in the “Reduce” areas (mean of 17.7 bears per 100 km2) and lowest in the “Maintain 
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Low” areas (mean of 6.0 bears per 100 km2). Mixed effect linear regression modeling supported 

this difference in bear densities between zones and also identified spatial correlation of 

approximately 100 km in bear density, which is likely related to both dispersal distances and the 

landcover patterns identified in Chapter 4 and described above.  

Mean predicted occupancy probability ranged from 0.24 – 0.36 per 5 km x 5 km grid 

across years in southern New York (Appendix 9 Figure 2). Although occupancy analyses 

estimated a mean colonization probability γ = 0.18 (95% CI: 0.12 – 0.27) per 25 km2, the 

confidence intervals around mean estimated extinction probability ε = 0.05 (95% CI: 0 – 1) 

prevent strong inferences about occupancy dynamics. No landcover patterns were found to 

associate with colonization and extinction probabilities, but occupancy probability increased 

with forest cover.  

Demographic rates, including survival and recruitment rates, contribute to changes in 

population abundance. Lack of data from hair snares in the first two years, 2015-2016, prevented 

estimation of demographic rates over the entire course of the study. However, multisession 

models with the SCR data identified significantly greater bear density in 2017 and 2018 than in 

2015 and 2016. Population growth was further supported by a per capita fecundity rate of 0.89 

(95% CI: 0.65 – 1.21) between 2017 and 2018 that was greater than the apparent survival 

probability of 0.53 (95% CI: 0.41 – 0.65). Another parameterization of the Jolly-Seber models 

estimated a population growth rate of 1.38 (95% CI: 1.18 – 1.61). Despite the short interval of 

SCR sampling used for inferences on population dynamics, these findings are generally 

consistent with a longer-term population growth rate estimated with statistical population 

reconstruction with the Downing approach (Davis et al. 2007). Using age and sex structured 

harvest data from the SBBR from 2012 to 2017, overall annual population growth rate was 
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λ=1.07. Adult survival rate was an average Φ = 0.66, and was higher for females (ΦF =0.78) than 

for males (ΦM = 0.54). Derived annual per capita recruitment rate (using the R/M equation; 

DeCesare et al. 2012) was an average f = 0.3.  

Identifying and anticipating spatial patterns in the black bear population may also be used 

in the social dimensions of management. Siemer et al. 2019 found from a study with mail-

surveys of New York residents on perceptions of bear population and management that 15-33% 

of respondents were not aware of local bear population trends. Furthermore, perceived distance 

to bears was a strong predictor of bear acceptance. Thus, the fine-scale and spatially explicit 

estimates of bear density could be used to educate the public and potentially influence distance-

based perceptions of risk and/or preferences. This could help prevent misperceptions about 

distribution and density from influencing preferences for bear population levels and management 

goals. 

Management objectives for black bears in New York are currently based on desired 

trajectories for population levels. Thus, the current bear management plan (years: 2014-2024) 

describes the use of monitoring changes in abundance. The objectives do not state what 

acceptable “moderate” or “low” population levels are, or to what degree bear populations should 

be “reduced” in some areas. Spatially-referenced estimates of density and occupancy from this 

study could provide guidance in developing quantitative measurements for setting and meeting 

objectives.  

Genetic Patterns 

Broad geographic sampling and use of different DNA sources (e.g., teeth from harvested 

bears and hair samples from research bears) allowed us to include bears from across New York. 

Perhaps surprisingly, bears in New York genetically clustered along historically described ranges 



 

231 

despite their contemporary continuous distribution even in southern New York. Bears from 

Regions 3 and 4 (i.e., Catskills) grouped into a genetic cluster, while bears from Regions 7, 8, 9 

(i.e., Allegany/Southern Tier), grouped into a second cluster, and bears from Regions 5 and 6 

(i.e., Adirondacks) grouped separately into a third cluster (Appendix 9 Figure 3). This genetic 

distinction is likely the result of a combination of genetic structure that developed since 

recolonization of the northeast after the Last Glacial Maximum as well as human-induced 

population decline, isolation, and genetic drift during the 16th-19th centuries. Bears in the 

Southern Tier are genetically similar to bears in north-central Pennsylvania while bears in the 

Catskills are genetically similar to bears in northern New Jersey. Furthermore, bears in the 

Catskills are generally distinct from bears in neighboring Connecticut, likely due to north-south 

aligning landscape features including the Hudson River that limit east-west genetic connectivity. 

Bears in the Adirondacks were most similar to bears in Maine and New Hampshire rather than 

the Vermont, demonstrating that spatial proximity is not the only influence in population 

connectivity and gene flow. However, sampling in Vermont was sparse and additional sampling 

may yield insight and clarity into local patterns of genetic structure. Nevertheless, within New 

York, persistent genetic distinction between bears in different regions even as the range and 

distribution continue to expand, particularly in the SBBR, would suggest population structuring 

that justifies separate monitoring and estimation of population trends for each region. 

Demographic patterns suggested by the spatial genetic structure of black bears in New 

York are consistent with relative estimates of bear density. I found evidence for contemporary, 

asymmetric gene flow within the last two generations from the Catskills into the Southern Tier 

and Adirondacks, but not vice versa (Appendix 9 Figure 3). This could be explained by high bear 

densities in the Catskills resulting in competitive pressure and thus density-dependent dispersal 
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(Costello et al. 2008) into neighboring areas of lower bear density. If the black bear population 

growth in the Catskills is slowing, as the NYSDEC hypothesizes, future genetic monitoring may 

find fewer migrant bears from the Catskills in the rest of the Southern Black Bear Range (i.e., 

Regions 7, 8, and 9). However, genetic connectivity between the Catskills and northern New 

Jersey suggests that bears may continue to disperse into New York.  

The Catskills and Allegany ranges both have low ratios of estimated population effective 

size to estimated census population size, i.e.., Ne/Nc. Ne was estimated in Chapter 1 using mostly 

opportunistically collected DNA samples. In the Catskills, Ne = 114.3 (95% CI: 47.8- ∞) yields 

Ne/Nc = 0.04-0.06 and Ne/Nc = 0.03, from using the estimated population sizes of Nc = 1,800 – 

2,800 and Nc = 3,311 from the NYSDEC and SCR modeling in Chapter 4 (Appendix 9 Table 1), 

respectively. In the Allegany range, Ne = 185 (95% CI: 82.9 – ∞) results in a mean Ne/Nc  = 

0.15– 0.31 and Ne/Nc  = 0.09, from using the estimated population sizes of 600 – 1,200 and Nc = 

2,025 from the NYSDEC and SCR modeling from Chapter 4 (Appendix 9 Table 1), respectively. 

Estimated Ne for the Catskills approximately doubled when genetic data collected from the 

spatial capture-recapture sampling during 2015 – 2018 was used instead, to Ne = 304.2 (95% CI: 

169.4 – 739.7), while estimated Ne for the Allegany range was similar, i.e., Ne = 115.7 (95% 

CI:74.8 – 215.3). However, the 95% confidence intervals indicate that estimates were generally 

similar between the two sources of genetic data. Demographic reasons for small Ne and Ne/Nc 

include skewed sex ratios and heterogeneous recruitment rates across individuals, sex, and age. 

Small ratios may indicate increased cryptic risks to population persistence, especially if 

continued monitoring indicates a decreasing trend. If harvest regulations change in order to 

manipulate survival and recruitment rates across different sexes and ages, then harvested bears 

may not be reflective of the at-large population structure or abundance. As a result, estimates of 
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Ne using harvest data versus less biased SCR data may diverge, with differences and Ne/Nc ratios 

over time indicative of management effectiveness. For example, allowing the take of females 

that have cubs could equalize the sex ratios in the harvested population and ultimately also the 

population at large, and manifest as increases in Ne/Nc.  

General Recommendations for Census Population Monitoring  

Long-term population monitoring is necessary to detect trends and dynamics over time 

that are not apparent in shorter “snapshot” studies. Spatial population patterns may also change, 

motivating spatially explicit sampling and modeling approaches. Our study highlighted the 

difficulty of collecting fine-scale data for population-level inferences across large spatial and 

temporal extents. Cost-efficient, long-term monitoring may use multiple methods to collect data 

on different aspects of population patterns that together provide a comprehensive understanding 

of changes over time (Appendix 9 Figure 4). I discuss implications for and considerations in 

sampling for long-term population monitoring, recognizing that a thorough evaluation of 

methods and sampling design before implementation through simulations and/or power analyses 

is prudent.  

Spatial Capture Recapture (SCR) methods 

Spatial capture-recapture (SCR) approaches can be used to estimate patterns in 

population abundance, density, and distribution. SCR data consist of individual-level histories of 

detected presences and absences that are spatially-referenced. SCR data provide high resolution 

demographic data, as individual-level processes are the basis of all population-level demographic 

patterns. Hair samples and scat samples are common sources of black bear DNA that provide 

information about individual identity, so that physical capture of bears is no longer necessary. 

SCR data are collected over multiple sampling “secondary” occasions during a “primary” period 
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in which the population is assumed to be demographically closed. When SCR efforts are 

conducted over multiple years or primary periods, i.e. a robust ‘open’ design over a time in 

which individuals are born, die, emigrate or immigrate, then inference about patterns of dispersal 

and demographic rates including true survival and recruitment are also possible.  

Detection/capture probability and spatial arrangement of research locations are primary 

components to collecting high quality SCR data, which is particularly important for long term 

monitoring. Adding attractants such as scent and bait lures are typically necessary to achieve a  

detection probability of 0.20, which is recommended for capture-recapture (White et al. 1982, 

Boulanger et al. 2004). High detection probabilities ensures that a sufficient number of 

individuals are detected and enables recaptures not only within a primary period but also across 

primary periods. Recaptures between primary periods are necessary to track individuals to 

estimate survival and recruitment rates. 

Sampling sites need to be arranged to so that individuals are not only detected in general 

but also at multiple locations, which are called spatial recaptures and are necessary for estimating 

ranges of movement and patterns of resource use at multiple scales. However, limited resources 

and patchy/heterogeneous population density distribution make it difficult to comprehensively 

sample a large spatial extent. When ranges of movement differ by group such as sex, clustering 

sites based on the smaller range of movement has been recommended to ensure spatial recaptures 

(Sollmann et al. 2012, Sun et al. 2014). However, this may result in small spatial extents that fail 

to detect individuals or their full ranges of movement. A sampling design that I did not use but 

which could be evaluated and potentially implemented is to arrange sites in a cluster radiating 

from the center, thus creating concentric circles of sites of increasing distance. This design has 

origins in small mammal trapping (Anderson et al. 1983). Finally, if the spatial arrangement 
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yields recaptures, then it is advisable to keep clustered sites in the same spatial extent or even 

location across primary periods in order to recapture and track individuals. Prior to use, the 

expected power of SCR sampling configurations should be confirmed, which can be done with 

simulations. However, Efford and Boulanger (2019) also propose the calculation of descriptive 

statistics about variance and power based on the expected number of individuals recaptures, thus 

reducing the need for extensive simulations. They provide software for these calculations.  

The timing of SCR sampling will be an important aspect to consider for long term 

population monitoring. It is critical to collect high quality SCR data in the initial primary 

periods. This ensures robust density estimates that can serve as a foundation for all subsequent 

inferences on population patterns and trends. The frequency of SCR sampling depend on species 

ecology, and should decrease when individual survival probability is low and recruitment rate is 

high. This allows individuals to be tracked over time to precisely estimate survival and 

recruitment.  

Occupancy (OCC) methods 

Alone, occupancy (OCC) methods will not be sufficient to robustly track population 

trends such as density. However, OCC methods can be used to monitor and detect changes in 

population distribution and occupancy across a landscape. Occupancy generally refers to the 

proportion of sites that a species occupies (Mackenzie and Royle 2005). OCC methods collect 

presence-absence data on a focal species rather than on individuals. Therefore OCC data have 

lower demographic resolution than SCR data and are not reliable for estimating population 

density. In essence, collecting OCC data is equivalent to collecting SCR data without individual 

identities; only 1 individual at a sampling site on an occasion is required to generate an 

occupancy ‘presence’ data-point, meaning that any number of individuals greater than 1 that are 
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detected at a site will result in the same data. Without having to differentiate between 

individuals, OCC methods typically have higher detection probabilities, are cheaper, and can be 

implemented over spatial and temporal extents larger than SCR methods. This makes OCC 

methods appealing for long-term population monitoring. Trail cameras (i.e., camera traps) are 

commonly used to collect OCC data on black bears, although hair, scat, tracks, or markings also 

provide signs of presence for OCC data. 

Sampling designs for long term population monitoring with OCC approaches differ from 

those for SCR approaches. Because density estimates are critical in the early stages of population 

monitoring and OCC data have limited information about density, OCC sampling should not be 

the sole method in initial primary sampling periods. More efficient applications of using only 

OCC methods may be in subsequent primary sampling periods when SCR data are not being 

collected, and in regions of lower population density. Chandler and Clark (2014) demonstrated 

using a 6-year dataset that alternating SCR and OCC methods over primary sampling periods can 

accurately track bear populations. Their work showed that OCC data can still have enough 

demographic information to temporally supplement SCR data and improve the precision of 

estimates of abundance and demographic rates.  

Species ecology also influences how OCC sampling should be implemented to produce 

population-level inferences. OCC sites should be spaced at the same scale as an individual’s 

home range so that detecting an individual conveys information about species occupancy over a 

landscape. Otherwise, OCC sampling at a scale smaller than a home range results in repeated 

detections of the same individual, and then occupancy instead reflects patterns of individual use 

(Steenweg et al. 2018). Furthermore, detections of multiple individuals provide limited 

additional information about distribution and occupancy. As a result, patterns of occupancy OCC 
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have better correspondence to and are more informative about distribution and density when 

population density is lower. With the ability to detect black bears with higher probability and 

over larger regions, OCC methods will likely be more cost efficient than SCR methods in areas 

where population density is low and the extent of distribution may be changing, such as at the 

periphery of population ranges.  

In low density areas, increasing the extent and number of OCC sites sampled may be 

more effective than increasing the effort put into fewer sites (Mackenzie and Royle 2005). Thus, 

moving sites to reallocate effort between primary periods is worth considering in OCC 

monitoring. Reallocation of sampling effort to new sites can increase the overall sampling extent 

and help minimize the prolonged collection of absence/non-detection data that become expensive 

to collect relative to their information content. Sites may be chosen in a stratified design 

according to landscape patterns, ensuring that inferences across seasons can be attributed to 

population dynamics rather than changes in sampling design (MacKenzie et al. 2006, Fuller et al. 

2016). Or, effort can be reallocated through adaptive sampling, in which sites are moved to the 

vicinity of presence/detection data according to a threshold trait measured at each site that is 

related to the state variable of interest (i.e., occupancy) (Pacifici et al. 2016, Wong et al. 2018). 

Incorporating this threshold covariate into the modeling avoids biased inferences induced by 

such non-random sampling. As with any data collection method, OCC sampling designs should 

be evaluated for their theoretical ability to precisely estimate population occupancy and 

distribution, either by simulations or with power analyses using closed-form equations, such as 

those provided by Mackenzie and Royle (2005) and Guillera-Arroita and Lahoz-Monfort (2012). 

Combining SCR and OCC methods 

Using only SCR or only OCC approaches will not be an efficient method to estimate 
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population trends and changes over large spatial and temporal extents with spatial heterogeneity 

in population density. Rather, both methods may be used and the data integrated in joint analysis 

in order to draw on the strengths of each (Appendix Figures 4, 5). SCR and OCC data may be 

collected in different primary periods and/or at different locations and analyzed using integrated 

models. Analyses by Chandler and Clark (2014) and simulations by Sun et al. 2019 (Chapter 3) 

indicated that supplemental OCC data may be informative about bear densities up to 30 bears per 

100 km2. However, if OCC sampling is the primary method for estimating density in an area, it 

may be advisable to restrict OCC sampling to areas where bear density is not much greater than 

1-3 bears per 100 km2. This suggestion derives from OCC sampling at the scale of a home range 

size assuming non-overlapping home range sizes of 75 km2, derived from σ=1.9 km estimated 

from this study, and 41 km2 , derived from telemetry data of female bears in northeastern 

Pennsylvania (Alt 1980). Ultimately, simulations will be required to assess the actual ranges of 

bear densities that each sampling approach will be the most effective for. By using each method 

where and when it is most informative and efficient, multimethod sampling and spatially explicit 

integrated models provide spatially extensive inferences about population patterns over longer 

timeframes. 

Furthermore, SCR and OCC methods may be applied at some of the same sites at the 

same time, i.e., co-located. This approach can detect more individuals and therefore improve 

precision in the estimation of population density and decrease bias in the relationships between 

distribution and spatially varying patterns such as landcover. Notably, the individual identities in 

SCR data make it possible to probabilistically reconstruct the identities of bears that generated 

the OCC data (Augustine. et al. 2018) However, it is important to reserve this method for areas 

of lower density. Otherwise, the large number of individuals increases the uncertainty about 
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which and when individuals were first detected by the OCC method, thereby making it difficult 

to estimate individual heterogeneity in detection probability and range of movement. Preliminary 

simulations conducted during the development of the integrated model that accommodates 

collocated sampling found that densities of 20-30 bears per 100 km2 could be estimated. 

However, the performance of collocated sampling and its associated models depend not only on 

population density but also the range of individual movement. Therefore, simulation studies are 

necessary to further explore the appropriate ecological conditions for collocated sampling. 

Relatedly, even in low density areas, collocation of SCR and OCC sampling should not occur at 

all sites because of differences in optimal sampling scale of each for the purposes of estimating 

density and distribution. Which sites that have collocated SCR and OCC sampling may move 

within or between primary periods in order to increase OCC detection probability and the extent 

of OCC sampling. 

Collocated sampling may be particularly useful during the initial primary periods of long-

term monitoring, so that baseline density, distribution, and patterns across densities and the 

landscape are estimated with precision and accuracy.  

Citizen Science (CS) methods 

Citizen science (CS) can be used to collect species level data to facilitate long term 

population monitoring. CS data are typically collected opportunistically by members of the 

public and can cover larger spatiotemporal extents more cost-effectively than more intense 

systematic SCR or OCC sampling. Examples of CS presence-absence data include photographs 

of bears on private citizens’ trail cameras, and bear signs (tracks, scat, hair, and markings) 

observed during hikes.  

Like systematic OCC data, opportunistic presence-absence data from CS will be most 
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informative about black bear population patterns in areas of lower bear density. Although CS 

may expand the extent of sampling, SCR approaches in areas of high density will provide more 

precise and accurate estimates based on landcover covariates for extrapolation to other areas. 

Simulations (Chapter 3, Sun et al. 2019) demonstrated how opportunistic presence-absence data 

on black bears can augment systematic SCR datasets to improve parameter estimation and 

extend the spatiotemporal extent of data collection and population monitoring. Simulation results 

suggested that it may be more beneficial to add and improve CS data by increasing the number 

of sites monitored rather than increasing detection probability. This highlights the importance of 

sustained effort to maintain public engagement and participation in citizen science programs, 

particularly through public outreach and communication. 

Presence-absence CS data have additional considerations due to the opportunistic nature 

of its collection. First, spatial biases are likely, with areas of greater human densities 

overrepresented in CS datasets. Second, mistakenly identifying sign from non-target species will 

lead to false presence data that need to be filtered out or accounted for in modeling. Third, 

variation in the expertise and detection probability across volunteers can also occur in CS and 

need to be accounted for in order to avoid biased estimates (Johnston et al. 2018). The 

availability of training opportunities, tutorials, and thorough explanations are critical to ensure 

that data are collected correctly, and protocols and personal will be needed to filter and process 

data. 

It is unlikely for several reasons that a citizen science approach by itself will be 

insufficient to estimate density and population patterns across the state. First, the species-level 

data by itself has limited information about population density, similar to OCC data. Second, 

increasing the demographic resolution of CS data for estimating demographic rates would 
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require a transition from collecting species-level to individual level data that would increase 

costs due to genetic analyses of scat/hair samples and also the additional effort to collect 

“recaptures” of individuals. dThird, redistributing citizen science efforts to under-sampled areas 

would incur additional outreach programs and communication requirements. Thus, the number 

of sampling design changes necessary to make citizen science the only sampling method may 

remove any cost efficiencies realized under designs in which it is a supplemental source of data.  

Presence-only data is also a common type of CS data. However, the lack of absence data 

prevents estimation of detection probability that is important for accurate estimates of population 

density and distribution. Until robust models for estimating density and occupancy using 

presence-only data are developed and the relationship between presence-only and presence-

absence data can be explicitly modeled, I emphasize the importance of collecting CS presence-

absence data.  

Harvest and Other Data 

Harvest records represent arguably one of the original approaches for long-term, 

landscape-wide population monitoring. Furthermore, few opportunistically collected (i.e., CS) 

datasets contain such high-resolution demographic information in the form of information on 

sex, weight, age, and location for each individual. However, the ability to make inferences about 

population patterns using only harvest data is limited because the data contain only one final 

presence-only data point about each harvested bear, with little if any information about hunter 

effort. 

Harvest data have been used in a variety of age-at-harvest models to track population 

trends. Using only harvest data, such as in the Downing approach, minimum population 

abundances are reconstructed by back-calculating age cohorts using assumptions about harvest 
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and mortality rates that may not be realistic (Downing 1980, Davis et al. 2007).  Fieberg et al. 

(2010) improved on these models by developing an integrated population model with black bear 

data in which harvest data are supplemented with information from mark-recapture studies. 

Generally, age-at-harvest models require auxiliary information, such as from mark-recapture or 

telemetered individuals, to inform the estimation of survival and recruitment rates that contribute 

to the observed changes in the harvest data (Conn et al. 2008, Clawson et al. 2017). However, 

harvest data as used in these methods fall short of their potential because the approaches are not 

spatially explicit, only using the spatial information at most to aggregate data into geographic 

regions for separate analyses.  

Harvest data may soon be used in spatially explicit integrated models for long-term 

population monitoring. Model developments have not yet found a way to formally integrate the 

harvest data, unless a harvested individual was previously detected by SCR means so that its 

harvest represents its last detection and fate. However, Downing-derived and other reconstructed 

estimates of demographic rates could be used now as informative priors in existing Bayesian 

integrated models. Demographic rates require multiple years of data that will take time for SCR 

and OCC methods to collect, and so harvest data provide a valuable and immediate source of 

information about survival, recruitment, and population growth. Therefore, collection of harvest 

data should continue and be analyzed with traditional age-at-harvest models to provide 

approximate population trends and demographic rates.  

The tooth samples of harvested bears are a potential source of genetic data that can be 

used for a variety of population monitoring purposes across large spatial extents. First, hunter-

provided tooth samples may provide a more representative geographic sampling of the 

population than research-collected samples, and with better quality and quantity of DNA. 
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Second, as previously mentioned, the DNA from a tooth sample can be used to identify 

individuals and confirm the fate of an individual detected previously by SCR methods. Third, 

genotypes of individuals from the tooth samples may be used to estimate genetic diversity, 

genetic structure, and contemporary effective population sizes, Ne, which reflect population 

viability and spatial patterns that belie large, continuously distributed census population sizes. 

For example, Waples et al. (2018) demonstrated with harvest data of black bears in Michigan 

how parentage analyses from DNA paired with age information enable inferences on dispersal 

distances, the spatial extent of genetic populations, and more accurate estimates of age-structured 

demographic rates and, in turn, effective population sizes. In this way, harvest data can be 

informative about age and spatial structure of bear populations that previous approaches are not. 

Fourth, very recent developments also show promise for using genetic material from 

harvest data in close-kin mark-recapture analyses to estimate adult census population sizes. In 

close-kin mark recapture, only one sample of an individual is necessary because an individual’s 

mark is not its identity but rather its family group; therefore recaptures are not of individuals but 

rather of kin, e.g., siblings, half-siblings, or parents (Bravington et al. 2016). Close-kin mark-

recapture has been developed and preliminarily validated in aquatic systems where low detection 

probabilities make it difficult to recapture individuals, and in which some fisheries stocks have 

fluctuated or are low in population size due to lethal harvest (Hillary et al. 2018, Ruzzante et al. 

2019). The method begins with a parentage analysis within harvest data to identify pairs of 

parent-offspring, siblings, or half-siblings. The proportion of kin pairs compared to the total 

sample of harvested individuals over time is informative about population size and demographic 

rates. Sampling/harvest probability of an individual, population size, and survival and 

recruitment rates may all vary as functions of covariates including age and various hunting 
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restrictions. Current models allow for coarse spatial information, and discussion in this field of 

analysis has recognized the possibility of spatially explicit approaches. Given the availability of 

tooth samples for genetic analysis, individual level information about age, sex, and location of 

harvest, and no additional field sampling required, an important and attractive feature of close-

kin mark-recapture is that catch/hunter effort is not a confounding issue, as long as the harvested 

individuals are representative of the adult population. 

Finally, GPS collar data and litter size data from den visits offer direct observations of 

resource use, movement, fecundity, and to a lesser extent, survival probabilities. These data are 

difficult to use in population level inferences due to the limited number of individuals that can be 

monitored with these methods. However, incorporating GPS data from even a few individuals is 

sufficient to improve estimation of movement and inform patterns of third-order (i.e., within 

home range) resource selection (Royle et al. 2013, Linden et al. 2018). Collared bears may be 

particularly informative in areas of expansion. Den visits of sows, especially over multiple 

breeding periods, may be used to estimate recruitment rates, for comparisons against estimates 

derived from harvest data and to develop informative priors in Bayesian models. DNA samples 

from dens may help track individuals over time if they are detected again in SCR or harvest 

datasets, and provide genetic and identity information for unanticipated future research 

questions.  

Specific Recommendations for New York  
 

The wide distribution of black bear populations in New York would make it difficult and 

costly to monitor long term population-level distribution and demography trends by SCR 

methods alone. It is therefore more cost-efficient to reserve SCR sampling to estimate abundance 

and density in areas where distribution is undisputed and where high bear densities will reward 



 

245 

sampling efforts with high quality SCR data – i.e., Regions 3, 4 and southern portions of Regions 

8 and 9 (i.e., historical Catskills and Allegany) Whereas to monitor black bear distribution, OCC 

sampling should be used in areas where the range has recently expanded and bear density is 

lower – i.e., the northern band of the Southern Black Bear Range and Region 7. For the purposes 

of estimating population dynamics, the 2017 and 2018 SCR data demonstrated that SCR and 

OCC data alone are sufficient to estimate survival, recruitment, and population growth rates. The 

passively collected harvest data are also available to generate informative priors for the vital 

rates in Bayesian modeling approaches. Den visits and collared individuals are therefore not 

critical for monitoring vital rates, although 2-3 GPS collared individuals, male and female, each 

in high and low bear density areas would still be informative about resource use and ranges of 

movement in spatially explicit population-level monitoring (Royle et al. 2013).  

SCR sites should not be spaced greater than 2.8 km, as evidenced by the successful 

increase in number of spatial recaptures from 0 to up to 7 per individual when spacing was 

reduced from 3.5 km in 2015 to 2.8 km in 2018 (Table 4.2). However, while we achieved an 

average of 2 detections per individual in the last years of sampling (Table 4.2), which Efford and 

Boulanger (2019) recommend to ensure precision in abundance estimates, our results indicate 

that the extent of clusters may need to be larger to detect males, which have larger ranges of 

movement. Female range of movement was estimated to be σF = 2.7 km while male range of 

movement was σM = 3.5 km. It is therefore advisable that cluster sizes increase from the average 

of 25 km2 - 36 km2 in this study to at least double, i.e., 70 km2 in size. This translates into square 

clusters of at least 16 sites at the recommended spacing of ~2.8 km. Therefore, if each NYSDEC 

region allocates the same effort in a summer as was used in this study, 36 – 50 sites may be 

monitored again but divided into 2 larger clusters of 18 sites or 3 larger clusters of 16 rather than 
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4 small clusters of 9 ~ 12 sites each. Such expanded spatial extents should be able to collect 

more spatial recapture, and sample a larger landscape and portion of the population. However, as 

mentioned above, SCR sampling designs in which traps are not spaced equidistantly, especially 

the outer traps in a cluster, may be evaluated for cost-efficiency.  

The frequency of SCR sampling will depend on the availability of sampling resources 

and other datasets, and the magnitude of demographic rates. Using the 2017 – 2018 data and 

inferences as baseline, summer SCR sampling again in approximately 5 years in the same areas 

should allow for detectable changes in population density while still allowing for the recapture of 

individuals that may have survived over the interval. At that time, a minimum of 2 (and ideally 

3) consecutive seasons of SCR sampling (i.e., ‘robust open design’) will allow for estimation of 

survival and recruitment parameters that can be compared to those estimated in this study. Thus, 

a repeated design of pulses of robust open design SCR sampling over 2-3 consecutive summer 

seasons every 5-7 years should enable estimation of demographic patterns over multiple time 

scales. Stable populations may justify more time between SCR sampling, although simulations in 

Chapter 3 with constant population sizes and episodic, non-pulsed SCR sampling suggest that 

not more than 3 time periods pass between summers of SCR sampling if only SCR data are 

collected. If sampling every summer within a pulse of robust open design SCR sampling is not 

possible, then sampling may consider the use of OCC sampling at the same locations during the 

intervening summer seasons, especially if more than 1 summer passes between SCR sampling. 

Or, systematic OCC sampling may not even be necessary if there are at least the same number of 

sites collecting opportunistic citizen science trail-camera data in the surrounding region 

approximately 10 times the area of the systematic sampling (Chapter 3). The supplemental 

species-level OCC or citizen science data should help inform the estimation of demographic 
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parameters (Chandler and Clark 2014, Sun et al. 2019).  

. For OCC sampling in areas of low bear density like the northern extent of the SBBR, 

sites with one camera spaced at or slightly smaller than the scale of a SCR cluster is likely 

sufficient and appropriate because many recaptures of individuals do not provide additional 

information about occupancy. This would allow allocation of sites over a larger region, for 

example over an area at least 7 times as large as the extent of SCR sampling. This 

recommendation comes from the 7.1-fold larger spatial extent of OCC sampling than SCR 

sampling in the simulations conducted in Chapter 3. Furthermore, given the higher detection 

probability of trail cameras, sampling seasons may also be shortened to 3 or 4 two-week 

sampling occasions from 5 (Mackenzie and Royle 2005, Guillera-Arroita and Lahoz-Monfort 

2012), although power analyses would be necessary to confirm these suggestions.  

In the northern portion of the SBBR where bear densities are low and no sampling has 

been conducted, 2-3 consecutive summers of OCC sampling in the immediate future would serve 

as references for occupancy dynamics and distribution that are contemporary to the 2015 – 2018 

occupancy patterns estimated for the southern portion of the SBBR in this study. In urban areas 

and where the management plan indicates that black bears are not compatible, sampling does not 

need to occur. Elsewhere, low bear densities and relatively small changes in large-scale 

occupancy dynamics over short periods of time (i.e., correlation) suggest that subsequent OCC 

sampling may only need to occur periodically, such as once every 3 years. Due to limited 

resources, it will not likely be feasible to concurrently sample by OCC sampling as described 

here as well as by SCR methods as described above in different portions of the SBBR. Therefore, 

OCC sampling may be conducted when resources are not being devoted to SCR sampling. 

For those seasons when OCC sampling does occur, seasons may alternate between OCC 
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sampling and collocated OCC and SCR sampling. In collocated sampling, the sampling scale of 

hair snares still needs to ensure repeat detections and spatial recaptures, so a small cluster of 8 or 

so supplemental hair snare sites spaced ~2.8 km apart should also be added in the proximity of 

the original OCC site that has a hair snare added. To maintain cost-efficiency, collocated 

sampling may target areas and OCC sites that detected bears in previous seasons. In Region 7, in 

which bear densities are patchy across the landscape and low but increasing due to the respective 

eastern and westward expansion of the Allegany and Catskill ranges, collocated OCC and SCR 

sampling may be the only design that is necessary, so that resources do not need to alternate 

between SCR sampling in some areas and collocated OCC and SCR sampling on other areas at 

other times.  
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Figures and Tables 
 

 
 

Appendix 9 Figure 1. Predicted density of black bears per 100 km2 across the 73,475 km2  study 
region in southern New York, based on spatial capture-recapture modeling with DNA samples 
collected at n=308 barbed wire hair snare sites in 2017 and 2018. Mean predicted density across 
the landscape was 7.3 bears per 100 km2. The black outline represents the extent of the Southern 
Black Bear Range in Regions 3, 4, 7, 8, and 9 in New York. Pixel size is 25 km2. 
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Appendix 9 Figure 2. Predicted occupancy probability of black bears per 25 km2 pixel across the 
73,475 km2 study region in southern New York, based on occupancy modeling with trail cameras 
across n=412 research sites from 2015-2018. The black outline represents the extent of the 
Southern Black Bear Range in Regions 3, 4, 7, 8, and 9 in New York.  
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Appendix 9 Figure 3. Patterns of genetic admixture/similarity between black bears sampled in 3 regions in New York, based on results 
in program STRUCTURE. Each column represents an individual bear, with n=16 bears sampled from the Adirondacks, n=30 bears 
from the Catskills, and 55 bears from the Southern Tier. The three colors, purple, orange, and blue, represent ancestral genetic 
populations, and each area consists mostly of bears from distinct genetic populations. Individuals with large proportions of multiple 
colors indicate admixture and therefore migration events from elsewhere during recent generations.  
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Appendix 9 Figure 4. Tree diagram showing how different data sets (ovals) are informative 
about population dynamics (Recruitment, Survival, Immigration/Emigration) and ultimately 
population abundance and density (N, D). Spatial capture-recapture is abbreviated as “SCR”, 
occupancy as “OCC”, and citizen science as “CS”. Rectangles represent estimated parameters. 
Solid arrows represent direction of inference. The dashed arrow indicates the loss of individual 
identities, and the double line indicates equivalency in data types. The relationships between 
datasets and parameters provide the framework for how multiple datasets can be jointly used for 
long-term population monitoring.  
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Appendix 9 Figure 5. An example of a sampling design using multiple types of data for long-
term monitoring of black bear populations. Initial primary periods may use spatial capture 
recapture (SCR) sampling in areas of high bear density, and collocated SCR and occupancy 
(OCC) sampling in areas of low bear density. Additional sampling may occur later, with 
occasionally solely-occupancy methods in low density areas. Harvest data and citizen science 
data may be collected throughout monitoring to augment data collection. Simulation studies are 
necessary to identify specifics regarding frequency of sampling by SCR, OCC, or collocated 
SCR and OCC and population densities most conducive to each type of sampling. 
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Appendix 9 Table 10. Predicted density and abundance of black bears for different management 
regions and categories of target objectives for black bear population levels in southern New 
York, based on spatial capture recapture modeling of data collected at n=308 sites in 2017 and 
2018. Where the objective is to maintain “Low” bear population levels include parts of all 5 
regions, while the “Moderate” objective includes areas in Regions 4, 8, and 9, and the “Reduce” 
objective includes areas in Regions 3 and 4.  

Management 
Category 

Area 
(km2) 

Mean Density 
(per 100 km2) 

95% CI Density 
(per 100 km2) 

Mean Total 
Abundance 

95% CI Total 
Abundance 

Region 3 12,700 12.9 8.4 – 20.2 1,638 1,059 – 2,561 
Region 4 15,350 10.9 6.8 – 17.7 1,673 1,040 – 2,707 
Region 7 14,400 4.2 2.8 – 6. 4 606 403 – 923 
Region 8 16,400 2.8 1.9 – 4.1 453 308 – 680 
Region 9 14,625 6.6 4.2 – 10.6 966 610 – 1,547 
Low 31,950 6.1 3.9 – 9.5 1,641 1,059 – 2,569 
Moderate 19,850 11.4 7.1 – 18.3 1,708 1,071 – 2,745 
Reduce 14,650 17.6 11.2 – 28.0 1,734 1,104 – 2,750 

 


	PATTERNS IN LANDSCAPE-WIDE SPATIAL HETEROGENEITY OF AMERICAN BLACK BEAR (URSUS AMERICANUS) POPULATIONS IDENTIFIED THROUGH GENETIC AND NONINVASIVE APPROACHES
	BIOGRAPHICAL SKETCH
	ACKNOWLEDGMENTS
	CHAPTER 1 SPATIAL GENETIC STRUCTURE OF AMERICAN BLACK BEARS IN NORTHEASTERN UNITED STATES
	Abstract
	Introduction
	Methods
	DNA Extraction and Genotyping

	Analysis
	Microsatellite
	Mitochondrial

	Results
	Microsatellite
	Mitochondrial

	Discussion
	Figures and Tables

	CHAPTER 2 DESIGNING CITIZEN SCIENCE DATA COLLECTION FOR INTEGRATED POPULATION MODELING
	Abstract
	Introduction
	Study area
	Methods
	One-time Observations
	Hikes
	Trail Cameras

	Results
	Discussion
	Management Implications
	Acknowledgements
	References
	Figures and Tables

	CHAPTER 3: INCORPORATING CITIZEN SCIENCE DATA IN SPATIALLY EXPLICIT INTEGRATED POPULATION MODELS
	Abstract
	Introduction
	Methods
	Spatial Capture-Recapture (SCR) Data and Model
	Presence-absence (PA) Data and Model
	Extension to an Integrated Population Model (IPM)
	Simulation Conditions
	Example Black Bear Analysis
	Model Implementation

	Results
	Single-season simulations
	Multi-season simulations
	Example: Black Bear Analysis

	Discussion
	Acknowledgements
	References
	Figures and Tables

	CHAPTER 4: MULTIMETHOD ESTIMATION OF LANDSCAPE SCALE SPATIAL PATTERNS IN BLACK BEAR DENSITY AND OCCUPANCY IN SOUTHERN NEW YORK
	Abstract
	Introduction
	Methods
	Study Area
	Field methods
	Dependent Model Development
	Process Model
	Observation Model

	Independent Analyses
	Dependent Analyses

	Results
	Discussion
	Acknowledgements
	References
	Figures and Tables

	APPENDIX 1 (Chapter 1)
	APPENDIX 2 (Chapter 3)
	APPENDIX 3 (Chapter 3)
	APPENDIX 4 (Chapter 3)
	APPENDIX 5 (Chapter 3)
	APPENDIX 6 (Chapter 3)
	APPENDIX 7 (Chapter 3)
	APPENDIX 8 (Chapter 4)
	APPENDIX 9
	Management Relevance
	Density and Occupancy Estimates
	Genetic Patterns

	General Recommendations for Census Population Monitoring
	Spatial Capture Recapture (SCR) methods
	Occupancy (OCC) methods
	Combining SCR and OCC methods
	Citizen Science (CS) methods
	Harvest and Other Data

	Specific Recommendations for New York
	References
	Figures and Tables


