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Ticks and tick-borne diseases pose a significant public health concern in the United 

States, with common illnesses including Lyme disease, Anaplasmosis, Rocky 

Mountain Spotted Fever, Babesiosis, Tularemia, and Powassan virus. Lyme disease, 

caused by the bacterium Borrelia burgdorferi, remains the most reported in the U.S., 

with over 89,000 confirmed cases in 2023 and an estimated annual infection rate 

exceeding 470,000 people in 2022. As the geographic range of ticks expands and the 

risk of vector-borne diseases increases, it becomes increasingly important to 

understand the complex interactions among host species, tick abundance, and 

landscape features. This study aims to identify the key factors driving tick abundance 

and disease prevalence at the local level to improve management of high-risk areas in 

urban spaces. Over four years, we collected extensive data through small-mammal 

trapping, camera traps, and tick sampling across eight parks in Montgomery County, 

Maryland. In this dissertation, Chapter 1 explores the most effective modeling 



 
 

approaches for tick distribution and landscape patterns, finding that incorporating 

random continuous spatial fields can help identify tick microhabitats for more 

targeted management. Chapter 2 examines wildlife communities' occupancy in a 

heavily developed area of Montgomery County, Maryland. The overall wildlife 

community preferred areas with more core natural habitats, though some species 

thrived in regions with high human density and disturbance. Chapter 3 synthesizes 

these findings, analyzing correlations among landscape features, tick-borne disease 

incidence, and the occupancy and abundance of key host species. We found that 

modeling ticks using a continuous spatial field with true zeros provides a more 

realistic representation of fine-scale distributions, allowing for more accurate 

predictions of tick presence and potential disease risk, even within highly urbanized 

parks. Generalist wildlife species, such as red foxes and raccoons, readily use human-

dominated areas, and connected or extensive green spaces support higher abundances 

of these hosts. This pattern may serve as an important driver of both host community 

structure and tick abundance. Additionally, our results indicate a relationship between 

overabundant host species, particularly white-tail deer, probability of tick presence 

and forest cover may increase disease risk at a specific site. This suggests that during 

peak nymphal season, unique ecological drivers may be influencing disease dynamics 

in Montgomery County, Maryland. Overall, landscape features and human activity 

are key determinants of high-risk areas, acting through their effects on host 

abundance and the availability of high-quality tick habitat. 
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Chapter 1: Landscape Epidemiology of Tick-borne Diseases in Urban and 

Peri-urban Green Spaces 

INTRODUCTION 
Ticks and tick-borne diseases present a major public health issue in the U.S., with key 

illnesses including Lyme Disease, Anaplasmosis, Spotted Fever, Babesiosis, Tularemia, and 

Powassan (CDC 2021). These diseases and their treatments cost the U.S. healthcare system 

between $712 million and $1.3 billion each year (Adrion et al. 2015). In 2019, the reported cases 

for these six diseases totaled about 50,865. Lyme disease (caused by the bacterium Borrelia 

burgdorferi) was the most common vector-borne illness, with 34,945 confirmed cases, although 

an estimated over 300,000 people are infected annually (CDC 2021). Additionally, tick 

populations and the risk of tick-borne diseases are increasing due to factors like more habitat 

fragmentation and changes in forest structure, presence of invasive plant species, rising host 

populations, and climate change (Beard and Strickman 2014; Duik-Wasser, VanAcker, and 

Fernandez 2021).  

While many studies have documented how metrics like wildlife density, wildlife 

movement, forest patch size, and forest quality influence tick density and disease prevalence, 

fewer studies focus on tick-borne diseases in urban and suburban areas (Duik-Wasser, 

VanAcker, and Fernandez 2021). Studying ticks in these environments is challenging for several 

reasons. For example, the spatial distribution of questing ticks is highly clustered and influenced 

by factors such as host density and dispersal, soil type, climate, and vegetation structure 

(Boorgula et al. 2020; Tsao et al. 2021; Rochlin et al. 2023). Ticks also have a complex life 

cycle: during larval and nymph stages, they typically feed on small mammals and birds, while 

adults feed on larger mammals like white-tailed deer (“deer”; Odocoileus virginianus; Eisen 
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2012). Additionally, deer are more common in urban and suburban areas (Ostfeld 2018; CDC 

2020; Roden-Reynolds et al. 2022), and the abundance and distribution of black-legged ticks 

(Ixodes scapularis) are often linked to white-tailed deer density and movement (Simpson et al. 

2019).  

Ticks acquire diseases like Borrelia burgdorferi through horizontal transmission, 

meaning they must feed on an infected host (Heylen et al. 2019). The primary reservoir host for 

the Northeastern United States is the white-footed mouse (Peromyscus leucopus), along with 

other competent small mammals such as the Eastern chipmunk (Tamias stratus), masked shrew 

(Sorex cinereus), and short-tailed shrew (Blarina brevicauda) (Voordouw 2015; Ostfeld et al. 

2018). The fragmented forest patches typical of urban and suburban areas in the eastern U.S. 

vary in size, microhabitat composition, food availability, human activity, invasive plant 

abundance, and wildlife diversity. Both small mammal reservoir species and large mammals are 

influenced by landscape habitat patterns, and these habitat features impact mouse populations' 

size and health (Rose et al. 2014; Persons and Eason, 2017). Forest characteristics also likely 

influence tick numbers and disease prevalence. In fact, Berl et al. (2018) found that increased 

fragmentation was linked to higher resource availability and greater mouse densities, while 

Linske et al. (2018) observed no difference in mouse numbers between fragmented suburban 

areas and intact woodlands. Smaller, fragmented forest patches often found in suburban areas 

tend to have fewer predators and competitors, which can result in increased mouse densities 

(LoGiudice et al. 2008; LaDeau 2015; Persons and Eason 2017). Research shows that these 

smaller green spaces affect white-footed mouse populations, including their size and density 

(Allan, Keesing, and Ostfeld 2003; LaDeau 2015; Persons and Eason 2017; Hummell et al. 
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2023). It is also proposed that these small landscape patches may increase disease transmission 

rates by increasing contact among host species (Simpson et al., 2019). 

Recently, VanAcker et al. (2019) documented that fragmented landscapes significantly 

affect tick density, infection prevalence, and the connectivity of tick populations. Similarly, 

Heylen et al. (2019) demonstrated an increased risk of exposure to zoonotic and vector-borne 

diseases associated with urban-suburban green spaces due to increased human use. 

Unfortunately, the current literature does not establish any causative relationships. Therefore, 

when exploring why urban and suburban areas may have unique tick-borne disease dynamics, I 

first considered how the characteristics of these spaces relate to the tick life cycle and overall tick 

ecology. For example, higher densities of host-seeking Ixodes spp. ticks are found on forest 

edges, especially directly adjacent to residential areas and along trails and paths (≤ two meters; 

Carroll et al., 1992; Stafford III and Magnarelli, 1993). Additionally, in urban green spaces, food 

availability for wildlife might be higher, leading to increased birth rates of competent host 

species & reduced hunting and predation pressure, which can alter the age structure and 

abundance of wildlife hosts (Mackenstedt et al., 2015). There is also a greater presence of 

domestic cats and dogs, which can contribute to the tick cycle and further expose humans to ticks 

(Mackenstedt et al., 2015). Urban and suburban green spaces tend to have lower overall humidity 

and often feature manicured vegetation. In areas with less leaf litter and fewer shrubs, ticks may 

shift to urban areas with more favorable conditions (Heylen et al., 2019; Simpson et al., 2019).  

In such areas, integrated pest management (IPM) and efforts to reduce tick-borne, 

zoonotic diseases are commonly implemented. Strategies using IPM focus on pests and the 

damage they cause to ecosystems, using techniques such as habitat manipulation, biological 

control, and acaricide use. An effective tick IPM plan, or integrated tick management (ITM), 
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involves identifying and monitoring tick species and using multiple tick control or prevention 

tools, applied directly to ticks in the environment and/or on tick hosts. Unfortunately, there is no 

one-size-fits-all, effective method to control ticks and the prevalence of tick-borne diseases in 

urban and suburban areas, either directly or through reservoir host communities, due to the 

complexity of vegetation structure, urban wildlife populations, and landscape fragmentation. 

This project’s main goal was to better understand how wildlife species interact within 

urban and suburban communities and how these interactions might influence the spread of tick-

borne diseases through complex behavioral, spatial, and temporal relationships (Ginsberg et al., 

2011). My applied One Health goal is to address tick-borne diseases in urban and suburban areas 

by enhancing existing Integrated Tick Management (ITM) with more accurate predictive models 

of tick or disease prevalence. I hypothesized that the unique habitat fragmentation and wildlife 

community structures in urban and suburban green spaces would impact tick densities and 

disease prevalence, with increased edge habitats and higher small-mammal densities leading to a 

greater disease burden. This hypothesis will be tested through three main components. 

 

Objective 1 

I hypothesize that landscape variables, including green-space connectivity, microhabitats, and 

edge habitat, will influence questing tick populations in urban and suburban parks. However, the 

most effective modeling method for tick species distribution remains inconsistent across the 

literature. Additionally, common errors in tick modeling—such as generating too many 

unrealistic background points or using scales that do not match available data or tick 
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movement—must be addressed. Therefore, my first goal was to identify the best landscape 

modeling approach for ticks using fine-scale data. 

Objective 2 

I hypothesize that examining wildlife communities at a detailed spatial level will clarify how 

local urban landscape patterns influence both community composition and species-specific 

occupancy. Specifically, this goal aims to determine how fine-scale landscape features impact 

wildlife community occupancy, identify habitat elements that strongly support both the entire 

community and individual species, and assess how species interactions respond to urban 

landscape characteristics. Together, these insights will enhance our understanding of wildlife 

ecological dynamics in urban environments. 

Objective 3 

I hypothesize that mammal community data, when combined with landscape features, can 

effectively identify current or emerging areas of high tick exposure risk. Assessing how key 

landscape metrics shape tick-related mammal communities provides a practical and scalable 

method for evaluating spatial tick risk in rapidly urbanizing areas. 

By examining these three hypotheses, I will investigate how distinct habitats in urban and 

suburban areas influence tick densities and potential disease prevalence through their specific 

habitat characteristics and wildlife communities. 
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ABSTRACT 

Ticks and tick-borne diseases are increasingly threatening public health in the United States, 

emphasizing the importance of accurately predicting their distribution to develop effective 

management strategies. However, modeling tick distributions can be challenging due to their 

three-host life cycle, clustered dispersion, and dependence on specific microhabitats. In this 

study, we compared three modeling methods for predicting the distribution of blacklegged ticks 

(Ixodes scapularis) across three urban parks in Maryland: presence-only Maximum Entropy 

(MaxEnt), presence-only Log Gaussian Cox Processes (LGCP) utilizing a latent stochastic 

partial differential equation (SPDE), and a presence-absence GLMM with an SPDE, based on 

site-specific, field-collected non-detections. We aimed to assess whether a spatially continuous 

presence-absence GLMM-SPDE could serve as an alternative or complement to the popular 

MaxEnt model, potentially offering better computational efficiency and predictive accuracy. 

Results indicated that both MaxEnt and LGCP models predicted tick distributions moderately 

well, although the MaxEnt model tended to overpredict presence in fragmented urban 

environments. The presence-absence model achieved the highest accuracy (mean AUC = 0.854 ± 

0.04; CBI = 0.985), effectively identifying occupied sites while maintaining reasonable 

specificity, primarily when park-specific thresholds were used. These findings demonstrate that 

integrating a continuous spatial autocorrelation structure enables presence-only GLMMs to 

perform adequately. However, the most precise predictions in diverse urban areas come from 

field-collected presence-absence data. Therefore, when possible, we recommend using spatially 

explicit binomial SPDE-based GLMMs that require field ecologists to check drags or flags 

during tick sampling systematically and to record both absences and presences. 
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INTRODUCTION 

Ticks and tick-borne diseases are an increasing public health concern in the United 

States, with the most common illnesses including Lyme disease, Anaplasmosis, Rocky Mountain 

Spotted Fever, Babesiosis, Tularemia, and Powassan virus (CDC, 2024). Among these, Lyme 

disease, caused by the bacterium Borrelia burgdorferi, remains the most frequently diagnosed in 

the U.S., with over 89,000 confirmed cases in 2023 and an estimated annual infection rate 

exceeding 470,000 people in 2022 (CDC, 2024). The expanding geographic range of ticks has 

led to more reports of these diseases in areas of the U.S. and Canada where they were previously 

uncommon (Tsao et al., 2021; CDC, 2024). Several factors have contributed to these changes in 

tick populations and disease risk, including forest fragmentation, invasive plant species, 

increasing host populations, and long-term changes in weather patterns (Beard and Strickman, 

2014; Ogden et al., 2021; Diuk-Wasser et al., 2021; Tsao et al., 2021). For example, ticks favor 

edge habitats, which not only create hot, humid microclimates but also serve as key habitats for 

primary hosts such as white-tailed deer (Odocoileus virginianus) and small mammals. 

Fragmented areas in suburban and urban regions often include residential properties where forest 

patches with deep leaf litter are adjacent to lawns, supporting higher tick densities right next to 

human dwellings (Linske and Williams 2024). Furthermore, as humidity and temperature 

increase with shifting long-term weather patterns (Jones et al., 2023), we also expect greater 

availability of suitable tick habitat, extended active periods during the day, and better overwinter 
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survival (Eisen, 2025). Understanding the patterns of tick distribution requires recognizing the 

ecological complexity of tick life cycles and developing more accurate species distribution 

models.  

Despite the need for accurate predictive tools, describing tick distributions remains 

difficult due to their complex three-host life cycle, clustered dispersal, and dependence on 

specific microhabitats. Landscape features such as vegetation type, habitat connectivity, patch 

size, disturbance frequency, and edge effects can significantly impact host presence and tick 

populations (Aronson et al., 2017). Ticks spend most of their lives questing in the environment, 

climbing low vegetation to find hosts, and returning to moist leaf litter and soil if they fail (Diuk-

Wasser et al., 2021). The success of questing ticks depends on the overlap of suitable habitats 

and weather conditions, relying on local temperature, humidity, and leaf litter to maintain 

moisture levels. Making things more complicated, habitat use and survival rates vary among tick 

species, each having specific temperature and moisture tolerance ranges (Tietjen et al., 2019; 

Diuk-Wasser et al., 2021). For example, forest cover is strongly associated with higher tick 

abundance, especially for black-legged ticks (I. scapularis and I. pacificus), which prefer moist, 

cool environments like shaded forest edges and among leaf litter (Carroll et al., 1992; Stafford III 

and Magnarelli, 1993; Diuk-Wasser et al., 2021; Rochlin et al., 2023). Conversely, lone star ticks 

(Amblyomma americanum) and dog ticks (Dermacentor variabilis and D. similis) tolerate a 

broader range of temperatures, humidity levels, and landscapes (Carroll et al., 1992; Stafford III 

and , 1993; Diuk-Wasser et al., 2021; Rochlin et al., 2023). 

Selecting appropriate spatial resolutions and extents for sampling and modeling heavily 

depends on the biology of the tick species, host behavior, and the objectives of the analysis, 

whether focusing on fine-scale distributions within individual parks or broader patterns across 
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counties and regions. Each tick life stage relies on the availability of distinct host species, 

ranging from small mammals and birds for the larval and nymphal stages to medium and large 

mammals for the adult stage (Tietjen et al., 2019; Diuk-Wasser et al., 2021). Each host species 

exhibits unique movement patterns, home ranges, and dispersal scales, creating a hierarchical 

pattern of tick dispersal across the landscape that is difficult to model (Eisen, 2012; Kada et al., 

2017). The challenges of modeling tick distributions are even greater in suburban and urban 

green spaces, where habitat tends to be more complex. For example, the major reservoir species 

for tick-borne diseases, the white-footed mouse (Peromyscus leucopus), exhibits density-

dependent home range sizes, strong preferences for forest and forest-edge habitats, can thrive in 

smaller forest patches, and can utilize human-modified spaces such as yards and trails. These 

behaviors in fragmented landscapes can sustain or even increase local disease prevalence in 

human-dominated spaces (Goodwin et al., 2001; Hummell et al., 2023). Similarly, the keystone 

adult tick host species, white-tailed deer, which is critical for maintaining tick populations, 

commonly occupies urban green spaces (Roden-Reynolds et al., 2022). Urban green spaces with 

higher connectivity exhibit elevated deer occupancy, higher densities of the tick vector I. 

scapularis, and greater prevalence of Lyme disease pathogens (Heylen et al., 2019; Lilly et al., 

2025). Therefore, models of tick habitat suitability should account for ticks' microhabitat 

preferences at a detailed level, as well as for larger-scale host-mediated patterns of occupancy.  

 Many decisions regarding sampling design can significantly affect inference, including 

which life stage to target, how and where sampling is conducted, which host or tick species to 

focus on, and the ideal environmental conditions for sampling. Additionally, sampling is often 

biased; for example, survey sites may be chosen along forest edges, in high human activity areas, 

or in specific management zones, rather than being evenly distributed across the landscape. This 
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bias can impact predictive performance because failing to accurately represent available habitat 

can decrease the reliability of presence-only species distribution models (Valavi et al., 2022). 

These issues are especially pronounced for ticks, where occurrence data frequently come from 

opportunistic surveys, pseudo-absences are poorly defined, and host or life-stage sampling varies 

greatly (Kopsco et al., 2022). Among tick studies, discussions often highlight the lack of 

standardized sampling, which can affect predictions of abundance or distribution (Christie et al., 

2022).  

Given these potential issues, selecting appropriate sampling methods, models, and 

applications is essential to reduce biased inference. Currently, species distribution models 

(SDMs) are widely used to predict tick habitat suitability and geographic distributions in the U.S. 

and worldwide (Elith et al., 2011; Lippi et al., 2020; Zannou et al., 2021). These tick SDMs are 

often built using presence-only data collected from previous tick records or field surveys (Lippi 

et al., 2021). Maximum Entropy (MaxEnt) is a popular and accessible modeling tool for 

presence-only data (Baldwin, 2009; Renner & Warton, 2013; Kramer-Schadt et al., 2013; 

Kessler et al., 2019; Glass et al., 2021) and has been increasingly used over the past five years to 

predict tick habitat suitability and vector distributions (Slatculescu et al., 2020; Lippi et al., 2021; 

Burrows et al., 2022). MaxEnt performs well when high-quality environmental raster data is 

available, and presence locations are properly sampled (Baldwin, 2009; Renner & Warton, 2013; 

Kramer-Schadt et al., 2013; Kessler et al., 2019; Slatculescu et al., 2020; Lippi et al., 2021; Glass 

et al., 2021; Burrows et al., 2022). However, violations of model assumptions are common in 

tick distribution modeling, as MaxEnt assumes that presence locations are sampled 

independently and that environmental conditions are proportionally represented based on their 

availability (Merow et al., 2013). Such biases in tick sampling can lead to uneven or 
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unrepresentative descriptions of available habitat, reducing the reliability of predicted 

distributions (Yackulic et al., 2013; Merow et al., 2013; Lippi et al., 2021).  

Several strategies are commonly used to address these issues when applying MaxEnt to 

model tick distributions, including bias correction, variable reduction, and spatial filtering. Bias 

correction during sampling adjusts background points to reflect accessibility and sampling effort 

better (Merow et al., 2013). Variable selection simplifies the model by keeping only the most 

relevant environmental predictors (Merow et al., 2013). Spatial filtering helps reduce the impact 

of clustered occurrence points, ensuring that heavily sampled areas do not overly influence the 

model predictions (Merow et al., 2013; Slatculescu et al., 2020; Burrows et al., 2022). Despite 

these measures, MaxEnt may still face challenges with clustered presence points or fine-scale 

heterogeneity, and computational demands grow at higher spatial resolutions or in complex 

landscapes, especially if background locational data are not adequately defined within the model 

(Redding et al., 2017; Kopsco et al., 2022).  

As an alternative to MaxEnt, Generalized Linear Mixed Models (GLMMs) can offer 

several improvements to address bias concerns (Ribeiro et al., 2019). GLMMs can incorporate 

true non-detections, whereas MaxEnt depends on presence-only data and pseudo-absences or 

background points (Renner and Warton, 2013). This enables the model to more accurately 

represent the range of observed conditions and avoid biases caused by clustered or opportunistic 

presence records or background points that were not genuinely available. GLMMs can also 

explicitly account for spatial autocorrelation through random effects, capturing dependencies 

among observations that standard MaxEnt models do not address. An extension within the 

GLMM framework is the use of stochastic partial differential equations (SPDEs), which are 

computationally efficient for modeling continuous spatial autocorrelation. Instead of estimating a 
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random effect for each observation, SPDEs approximate the spatial field using a discrete 

Gaussian mesh, reducing computational costs while preserving fine-scale spatial structure 

(Lindgren et al., 2011; Bakka et al., 2018). For ticks, which are highly clustered and influenced 

by both fine-scale habitat features and host movements, modeling a continuous spatial field may 

better capture these dependencies and improve predictions of local abundance or presence. In 

this study, we tested two GLMM approaches against a MaxEnt framework using the same 

dataset. Our overall goal was to identify modeling decisions that produced the most ecologically 

realistic SDM for black-legged ticks. 

 

MATERIALS AND METHODS 

 Study Area 

Research was conducted in urban and suburban parks in Montgomery County, Maryland, 

USA, which is part of the larger Washington, D.C., metropolitan area (Figure 1). A total of five 

parks were selected for tick sampling: Rock Creek Stream Valley Park (RCSV; 686.3 acres in 

the study area), Sligo Creek Stream Valley Park (SCS; 343 acres), Great Seneca Stream Valley 

and Great Seneca Creek Park (GSP; 854 acres), Upper Paint Branch Stream Valley Park (UPB; 

1208 acres), and Cabin John Regional Park (CJR; 513.8 acres). The number of sampling sites 

varied among the parks, with more sites at Rock Creek Stream Valley and Cabin John Regional 

Park due to different project goals. As a result, RCSV and CJR had 10 tick sampling sites each, 

while GSP, SCS, and UPB had only three sites each. Data from 29 sites were collected and used 

to model tick distributions. The model was trained on data from 23 sites across three parks—

RCSV, SCS, and CJR—with five sites across two parks (GSP and UPB) reserved for 

independent validation (Figure 1). 
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Data collection 

 Sites were randomly selected using a stratified-block random design based on three 

landscape categories from the literature: good, moderate, or poor tick habitat (Table 1; Figure 2; 

Horobik et al. 2006; Talbot et al. 2019; Diuk-Wasser et al., 2021; Ginsberg et al. 2020; Hummell 

et al. 2023; Morris et al. 2022). We sampled ticks with tick drags, which were 1-m² sheets of 

white denim attached to three one-pound fishing weights and a PVC pipe (Salomon et al. 2020). 

Drags were pulled across the landscape at a low level (< 0.3 m) to target questing ticks. 

Sampling occurred from March to October, on sunny, humid days, to target all tick life stages 

and improve detection rates (Hofmeester et al., 2017; Ginsberg et al., 2020; Morris et al., 2022). 

We used circle plots to create overlapping sampling transects, a scheme standard in wildlife 

studies (Rogers and Myers, 1980). We established a 200-meter diameter circle around a central 

point, with six 200-meter line transects that overlapped at the center and were spaced 30 degrees 

apart (Figure 2) (0/360N, 30, 60, 90E, 120, 150, 180S, 210, 240, 270W, 300, 330). To prevent 

oversampling the same transects and to account for the varied distribution of ticks, three of the 

six 30-degree segments from each camera XY location were randomly chosen during each 

sampling session, resulting in 600 meters of transects sampled per visit—similar to other studies 

(Rogers & Myers, 1980; Esser et al., 2019; Simpson et al., 2019). The researchers walked the 

entire 200-meter transect, stopping every 10 meters to collect ticks. When ticks were 

encountered, we recorded their numbers, drag, and GPS coordinates using a Garmin GPSMAP 

64sx. We counted both nymph- and adult-stage I. scapularis, as these stages are most likely to 

feed on humans and transmit diseases (CDC, 2024). 

Landscape variables 
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A lack of access to detailed environmental data, such as the arrangement of forest edge 

habitats (Diuk-Wasser et al., 2021), can prevent coarse-scale SDMs from providing useful 

information for local, site-specific management needs. This affects the effectiveness of vector 

control, especially for ticks like I. scapularis, as we try to identify local risk areas. To address 

this, we identified and included key environmental indicators known to influence I. scapularis 

survival and habitat use, originally described at a 1-m2 resolution (Carroll et al., 1992; Stafford 

III & Magnarelli, 1993; Tsao et al., 2021; Boorgula et al., 2020; Diuk-Wasser et al., 2021; 

Rochlin et al., 2023). Spatial covariates included forest proportion, distance to rivers, soil type, 

edge density, and interspersion and juxtaposition (Table 2). Soil type was obtained from the 

USDA Web Soil Survey and the Soil Survey Geographic Database. To reclassify soil, we used 

soil type map unit names and further evaluated them using technical descriptions. For our 

purposes, we reclassified soils into categories such as urban, loam, silt loam, channery silt loam, 

decomposed plant material, clay, and water (Supplemental Data). To calculate measures such as 

edge density, interspersion, and juxtaposition, we used the FRAGSTATS program (McGarigal, 

2023). For edge density, the moving window was set to a 90-meter diameter, with an edge depth 

of 60 meters, based on the home range of white-footed mice in the area (Hummell et al., 2023). 

Finally, before including covariates in the two GLMMs, they were z-scaled (mean = 0, standard 

deviation = 1) to facilitate comparison across covariates. 

Maximum Entropy 

MaxEnt modeling requires three main data inputs: species occurrence locations, 

background locations for comparison, and environmental descriptors. MaxEnt produces a logistic 

output describing the relative likelihood of tick presence (Phillips and Dudík, 2008) and assumes 

that 1) sampling is random or representative of the entire landscape, and 2) detection probability 
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remains consistent across all locations (Merow et al., 2013; Schultz et al., 2023). Violations of 

these assumptions can lead to biased predictions, potentially affecting inference. Furthermore, 

MaxEnt uses environmental raster layers to estimate suitability by comparing covariate values at 

presence locations with the set of pseudo-absences or background and therefore does not 

explicitly account for spatial autocorrelation (Yackulic et al., 2013).  

Current best practices for MaxEnt focus on balancing model complexity and predictive 

accuracy to prevent overfitting (Phillips and Dudík, 2008; Merow et al., 2013). To follow these 

standard practices, we selected 10 times our occurrence points, resulting in 1,610 background 

points. It is important to note that selecting background points in MaxEnt should be based on 

what is genuinely “available” to a species within a study area, as the choice of background 

locations can significantly influence model results, leading to either excessive overfitting or 

under fitting (Merow et al., 2013). To address sampling bias and spatial clustering of tick 

occurrences, we adjusted the background point selection to reflect the spatial structure of our tick 

sampling, creating a density surface of tick presence across all sites. This generated a weighted 

layer to distribute background points toward areas of higher occurrence (Elith et al., 2011; 

Ahmadi et al., 2023). Covariate effects can be expressed through various functions, called 

feature classes, which describe potential habitat relationships, including linear (L), quadratic (Q), 

hinge (H), product (P), threshold (T), or categorical (C). Feature class selection was performed 

using the ENMeval package (Muscarella et al., 2014), through an automated 10-fold cross-

validation process to identify the feature class or combination of classes that best characterized 

the relationships between each environmental covariate and species occurrence. In addition, the 

model selection processes performed by ENMeval considers the regularization multiplier, which 

controls model complexity and reduces the risk of overfitting by penalizing overly flexible 
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response curves. We tested regularization multiplier values 1–5 s. MaxEnt models were fit in R 

(R Core Team, 2024) using the following packages: dismo (Hijmans et al., 2023), rJava 

(Urbanek, 2024), ENMeval (Muscarella et al., 2014), and ecospat (Di Cola et al., 2017).  

Variable importance in the final MaxEnt model was evaluated using both percent 

contribution and permutation importance, along with jackknife tests of regularized training gain, 

test gain, and test AUC. To determine the relative importance of each environmental covariate, 

we employed MaxEnt’s jackknife procedure. This method assesses variable contribution by 

comparing model performance when the variable is used alone versus when it is omitted. 

Jackknife results guided the interpretation of covariate importance, but all selected variables 

were included in the final model. The final MaxEnt model was then built using the chosen 

feature classes and regularization multiplier, with 5-fold cross-validation to evaluate model 

stability. Predictions were generated for each replicate and exported as raster layers. We 

averaged these replicate predictions to produce a single suitability map. 

GLMM 

Conceptually, GLMMs and MaxEnt can be viewed as point process models where 

species presence or counts are modeled based on environmental covariates and spatial 

autocorrelation. This is done by fitting a Poisson regression with a log-linear link, which is 

mathematically equivalent to a Poisson point process model that estimates intensity per unit area 

(Renner and Warton, 2013). In this study, we compared two GLMM approaches with a MaxEnt 

framework using the same dataset. The first GLMM used a log-linear link and incorporated a 

spatial random effect (SPDE), forming a Log-Gaussian Cox Process (LGCP), which 

approximates our MaxEnt presence-only framework (Renner et al., 2015). Both LGCPs and 

MaxEnt estimate the relative intensity or suitability of locations. The second GLMM (hereafter 
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called binomial SPDE-GLMM) was designed to address key limitations of presence-only 

models, such as inadequate or unsuitable background sampling, while still allowing for the 

inclusion of spatial random effects. This model used data from survey locations along segmented 

transects to describe the probability of detecting a tick within a specific segment. Both GLMMs 

were fitted in INLA (Rue et al., 2009, www.r-inla.org). 

Log Gaussian Cox Process 

The Log-Gaussian Cox Process (LGCP), our generalized linear mixed model with a 

continuous spatial field, served as a more direct comparison to MaxEnt. LGCP models are a type 

of spatial point process model where the intensity of points (occurrences) is modeled as a log-

Gaussian random field, allowing the expected number of occurrences to vary continuously across 

space (Diggle and Brix 2001). Additionally, LGCPs can incorporate random effects and 

hierarchical structures, making them more flexible than MaxEnt for modeling complex 

ecological processes (Diggle et al., 2013).  

We modeled the spatial distribution of ticks using the LGCP in which the expected 

intensity of tick occurrence λ at location s was modeled as: 

Observation model: 

𝑦𝑦𝑗𝑗~ 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃(𝐸𝐸𝑗𝑗𝜆𝜆�𝑠𝑠𝑗𝑗�) 

Linear predictor: 

 

𝑙𝑙𝑙𝑙𝑙𝑙(𝜆𝜆) =  𝛽𝛽0 +  � 𝛽𝛽𝑖𝑖𝑋𝑋𝑗𝑗 + 𝜀𝜀𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆  

 

Where 𝛽𝛽0 is the regression intercept, 𝑋𝑋𝑗𝑗 describes environmental covariate i at site j, 𝛽𝛽𝑖𝑖 defines 

its corresponding covariate coefficient, and 𝜀𝜀𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 is the latent SPDE. To account for sampling 

bias and ensure consistency with our MaxEnt models, the same set of background points used in 

http://www.r-inla.org/
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MaxEnt was employed as pseudo-absence background locations in the LGCP framework. Along 

with the log-linear link, we used penalized-complexity priors on the SPDE. Our prior for the 

range assumed a 10% chance that it was less than 600 m, and for sigma (variation across the 

surface), a 1% chance that it exceeded 1 unit of the coefficient. Finally, although we 

implemented the SPDE to account for autocorrelation among sites in the model, the SPDE was 

not informative when predicting outside of our sampling grids, nor did MaxEnt use an analogous 

SPDE. Therefore, we did not include the SPDE when generating prediction maps.   

Binomial GLMM 

To address the limitations of presence-only modeling, we implemented a binomial 

detection-nondetection GLMM with a continuous spatial field. For this model, we included 

information from all walked survey transect segments, creating a binary response variable 

indicating whether a tick was observed or not. This approach shifts from using background 

points as pseudo-absences (as in MaxEnt and LGCP) to incorporating field-collected 

nondetection data, resulting in a more realistic observation process. Like the LGCP, spatial 

autocorrelation was modeled using a continuous Gaussian random field through the SPDE 

approach, included as a random effect. The SPDE component was interpreted as an ecological 

spatial process representing residual spatial structure in tick occurrence after accounting for 

environmental covariates, from which continuous prediction maps were generated.  

We describe our GLMM-SPDE model as: 

Observation model: 

𝑦𝑦𝑗𝑗~ 𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵�𝑝𝑝𝑗𝑗�, 

 Linear predictor: 

𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐�𝑝𝑝𝑗𝑗� =  𝛼𝛼 +  � 𝛽𝛽𝑖𝑖𝑋𝑋𝑗𝑗 + 𝜀𝜀𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 + 𝜀𝜀𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 +  𝜀𝜀𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦 + 𝜀𝜀𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚ℎ 
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Where α is the regression intercept, 𝑋𝑋𝑗𝑗 describes environmental covariate i at site j.  𝛽𝛽𝑖𝑖 defines its 

corresponding covariate coefficient, and 𝜀𝜀𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 is the latent Gaussian spatial field, in which we 

included the same priors on the spatial field as the LGCP. We included latent effects (𝜀𝜀) for 

month and year as first-order autoregressive (AR1) effects, allowing the model to account for 

seasonal and interannual variation in the probability of tick presence. Additionally, we 

incorporated a random effect for sampling point location to capture micro-scale variability from 

repeated sampling at the same site. We used a complementary (‘cloglog’) link function, which 

aligns well with the latent Gaussian SPDE framework and binomial response. Cloglog is a 

common link in binomial linear regression and functions as an inverse cumulative distribution 

function. Priors on the fixed effects were set to 1, indicating they are informative and normal 

because the covariates are scaled. We also accounted for spatiotemporal autocorrelation in 

sampling by including latent effects that describe the location and timing of each observation. 

SPDE configuration 

In both the LGCP and binomial SPDE-GLMM models, spatial autocorrelation was 

approximated with a SPDE, which is a mesh-based representation of a continuous Gaussian 

Random Field (GRF). The mesh defines a set of nodes across the study area, tick occurrence 

points, and background points (pseudo-absence for LGCP and field-collected absences for 

presence-absence) to ensure coverage across all sampling locations. The spatial random effect is 

estimated at these points, and spatial dependence between locations is modeled through a Matérn 

covariance function. We used a fine resolution (~200 m) around tick detections and along 

walking transects where spatial clustering and small-scale habitat variation are most likely, and a 

coarser resolution (~2000 m) toward the edges of the study area to capture broader host 

movement processes (e.g., white-tailed deer). The combination of fine and coarse elements 
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enables the mesh to capture both local and landscape-scale spatial processes relevant to tick and 

host ecology. Finally, for prediction maps for both GLMMs and SPDE, where created taking the 

beta means from the covariates of the model and using in a raster calculator in ArcPro.  

  Model performance and comparison 

All three models were assessed for predictive performance using the Area Under the 

Receiver Operating Characteristic Curve (AUC), Continuous Boyce Index (CBI), sensitivity, and 

specificity. AUC evaluates a model’s ability to distinguish between presence and absence by 

measuring how well expected probabilities separate true positives from false positives: values 

near 0.5 indicate no better than random, 0.6–0.7 indicate weak to moderate discrimination, 0.7–

0.8 indicate acceptable model fit, and 0.8–0.9 indicate excellent fit. CBI evaluates how well a 

species distribution model predicts higher suitability in areas where the species occurs compared 

to random expectation, with values near zero indicating no better than random performance, 

values between 0.3 and 0.6 suggesting moderate accuracy, and values above 0.6 indicating high 

accuracy, with negative values reflecting worse-than-random predictions (c). Sensitivity 

measures a model’s ability to correctly identify true positives, and specificity measures its ability 

to correctly identify true negatives, together offering an evaluation of presence-absence 

prediction accuracy. For sensitivity and specificity, values below 0.5 indicate low performance, 

0.5–0.75 indicate moderate performance, and values above 0.75 signify high performance in 

correctly identifying presences and absences, respectively. All models underwent validation 

using 5-fold cross-validation, where 20% of occurrence points were withheld in each run for 

MaxEnt and LGCP models, and sites were withheld for the presence-only GLMM. Each model 

generated prediction maps used to evaluate and compare predictive performance across the study 
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area. Final model metrics (AUC, CBI, sensitivity, and specificity) were derived from occurrence 

and background point values extracted from these prediction maps. 

To evaluate predictive performance, models were trained using data from a subset of 

parks, and independent validation was performed using observations from two withheld parks 

(GSP and USB; n = 6 sites). As MaxEnt does not produce equivalent GLMM coefficient 

estimates, we provided the MaxEnt model response curves and the corresponding covariate 

layers to the predict function in the dismo package for the validation parks. For GLMM-based 

models, estimated 𝛃𝛃 coefficients were applied to covariate layers across each park using a raster 

calculator in ArcPro®. Observed tick locations and non-detection locations (for the binomial 

GLMM) were overlaid on these prediction maps to extract predicted values. Model performance 

was assessed using AUC, sensitivity, and specificity, calculated separately for each validation 

park and across the combined dataset using the yardstick package (Kuhn et al., 2025).  

Within prediction maps, the threshold or cutoff selected to distinguish presence from 

absence can significantly affect the sensitivity and specificity metrics. Different threshold 

choices may favor either sensitivity (accurately detecting presences) or specificity (accurately 

detecting absences). To initially evaluate each model’s predictive performance, we calculated 

sensitivity and specificity using thresholds specific to each model, particularly those that 

maximized the True Skill Statistic (TSS). This method enabled us to assess the extent of the area 

each model predicted to have ticks and compare those areas across different modeling 

frameworks.  

 

RESULTS 
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Across all five parks, a total of 242 I. scapularis ticks were collected from March to 

October of 2023 and from March to October of 2024. CJR had 136 ticks, RCR had 10 ticks, and 

SCS had 47 ticks. The two training data sets, GSP and UPB, had 27 and 22 ticks, respectively. 

Of all ticks collected, 227 were nymphs, and 15 were adults, which is expected because most 

sampling was done in early spring and summer.  

MaxEnt 

For MaxEnt model selection, the best-performing MaxEnt model with the optimal 

balance between fit and complexity was LQHP, with a regularization multiplier of 1. The 

selected MaxEnt model's performance across 5-fold cross-validation was an AUC of 0.765 ± 

0.03, CBI of 0.95, specificity of 0.65, and sensitivity of 0.68. An omission plot was also included 

as a final output for MaxEnt, showing that observed omission rates closely followed expected 

omissions across most threshold values with moderate variability among replicates (Table 3, 

Figures 3-4). Among all modeling frameworks, MaxEnt had the longest computation time, with 

high-resolution inputs requiring over 24 hours to complete. 

Among the environmental predictors we provided, forest cover and edge density 

consistently contributed most to model performance, with forest accounting for 46.2% of the 

contribution and edge density showing the highest permutation importance at 30.3% (Table 4). 

Jackknife tests showed that forest and edge density individually provided significant information 

to the model, as indicated by training gain, test gain, and AUC when used alone, while removing 

them decreased model performance. Their effects on forest cover and edge drove the largest 

parts of the MaxEnt predictions (Figures 5-6). 

LGCP 
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The LGCP model, which uses presence-only data with the same background points as 

MaxEnt, showed moderate predictive performance. During 5-fold cross-validation, the average 

AUC for presence predictions was 0.756 ± 0.03, CBI was 0.747, specificity was 0.54, and 

sensitivity was 0.68 (Table 3, Figure 4). Fixed effects indicated that forest cover positively 

affected tick presence (β = 0.41 ± 0.20, 95% CI: 0.01 to 0.81), while edge density (β = -0.70 ± 

0.27, 95% CI: -1.23 to -0.17) had a slight negative effect. Several soil types were negatively 

associated with tick presence, including urban (β = -0.78 ± 0.84, 95% CI: -2.43–0.86) and silt 

loam (β = -0.64 ± 0.50, 95% CI: -1.61–0.33) (Table 4, Figure 6). 

Binomial GLMM 

 The binomial SPDE-GLMM, which included transect-specific absence points and 

random effects for time and location, achieved the highest AUC at 0.854 ± 0.04, with a CBI of 

0.985, specificity of 0.523, and sensitivity of 0.75 (Table 3, Figure 4). Fixed effects showed 

similar trends to MaxEnt and LGCP, with forest cover positively affecting tick presence (β = 

0.28 ± 0.15, 95% CI: -0.02 to 0.58), while edge density (β = -0.15 ± 0.16, 95% CI: -0.47 to 0.17) 

and interspersion-juxtaposition index (β = -0.17 ± 0.14, 95% CI: -0.44 to 0.10) had modest 

negative impacts. Soil types influenced presence variably, with channery silt loam (β = 0.62 ± 

0.54, 95% CI: -0.44 to 1.67) and decomposed plant material (β = 0.03 ± 0.57, 95% CI: -1.09 to 

1.15) showing weak to moderate positive effects (Table 4, Figure 6).   

 Independent Park Model Testing 

 At Upper Paint Branch (UPB), the LGCP model showed perfect sensitivity (1.0) but very 

low specificity (0.016), with an AUC of 0.22 and a CBI of -0.68. This unusual pattern occurred 

because the predicted tick presence was extremely low (maximum ~0.08), leading to a TSS-

maximizing threshold of 0.005, which effectively classified nearly every location as presence 
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(Table 5). As a result, all true presences were detected, but almost no absences were correctly 

identified. Conversely, MaxEnt displayed significantly higher sensitivity (0.722) and specificity 

(0.703), indicating a more balanced detection of presences and absences, with an AUC of 0.64 

and CBI of 0.062. The binomial SPDE-GLMM model showed moderate sensitivity (0.333) and 

high specificity (0.873), with an AUC of 0.57, CBI of -0.547, and a maximum cutoff threshold of 

0.63 (Table 5, Figure 7).  

At Great Seneca Park (GSP), the LGCP model showed moderate sensitivity (0.522) and 

specificity (0.682), indicating better balance than UPB but still a poor AUC (0.59) and CBI 

(0.58). MaxEnt demonstrated higher sensitivity (0.783) but lower specificity (0.459), detecting 

most presences but producing more false positives than UPB. This model also performed slightly 

worse with an AUC of 0.58 and a CBI of 0.172. The binomial SPDE-GLMM had a low 

sensitivity of 0.348 but a very high specificity of 0.901, with a threshold of 0.72 and the most 

consistent sensitivity and specificity across predictions. It also had similar AUC and CBI scores, 

with an AUC of 0.56 and a CBI of -0.53 (Table 5, Figure 7-8). 

When considering all sites together (Table 5), the LGCP model showed very low 

sensitivity (0.12) but very high specificity (0.96), with an AUC of 0.442 and a CBI of 0.085. 

MaxEnt exhibited high sensitivity (0.76) but moderate specificity (0.54), providing a relatively 

balanced detection of presences but more false positives. MaxEnt also had a decent AUC of 0.42 

and a CBI of 0.325. The binomial SPDE-GLMM had moderate sensitivity (0.53) and high 

specificity (0.74), detecting presences with moderate accuracy while correctly identifying many 

absences, with an AUC of 0.56 and a CBI of -0.17 (Table 5, Figure 7). 

DISCUSSION 
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MaxEnt performed reasonably well in our study, achieving acceptable AUC and strong 

CBI scores. Across the study sites, MaxEnt generally demonstrated a good balance between 

sensitivity and specificity, with sensitivity being slightly higher. These results support that 

MaxEnt, when modeling adjustments are made for common biases in traditional tick sampling, is 

a useful tool for modeling tick distributions, especially when background points are carefully 

chosen to represent ecologically realistic areas. The LGCP model did not perform as well as 

MaxEnt overall, having the lowest AUC and CBI scores across all models (Table 3). Although 

the LGCP model had higher sensitivity than specificity, indicating it could predict tick presence 

but over-predict absences. Conversely, the binomial SPDE-GLMM model, which incorporated 

non-detection data from transect sampling along with random effects, showed a moderate to 

strong ability to predict areas of tick presence and absence. This model had the highest AUC and 

CBI scores, as well as the highest specificity (Table 3). When managing ticks, identifying true 

“hotspots” is often the main goal, so models like our MaxEnt model, which maximize true 

positives, are especially valuable. However, this involves a trade-off: overpredicting risk can 

lead to inefficient or unnecessary management actions. Therefore, having tools that allow 

managers to balance efficiency and effectiveness is essential. 

When model performance is similar across frameworks, computational efficiency is an 

extra factor that can influence model choice, especially with larger datasets. In our comparison, 

MaxEnt took significantly longer to run fine-scale data (>24 hours), while SPDE-GLMMs could 

be fit quickly (<1 hour) and offered flexible, spatially explicit predictions. 

When withholding data to validate model performance, we selected a park with a 

landscape composition and usage similar to our training data (i.e., UPB) and another that 

differed, being more rural with a connected, intact forest (i.e., GSP). Using this approach, we 
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observed clear differences in sensitivity and specificity scores across various combinations of 

modeling frameworks and park data, providing additional insight into model performance (Table 

5, Table 6, Figure 8). For example, MaxEnt consistently showed high sensitivity but lower 

specificity across both parks, often identifying true presences but also producing more false 

positives. This likely reflects its underlying presence-only design, where the lack of true 

negatives and reliance on background points can inflate suitability predictions. For tick 

management, this might not be negative if over-predicting tick presence is preferred over false 

negatives. Because MaxEnt constantly reports specificity of true negatives, there is a risk it could 

miss microhabitats unsuitable for ticks, especially in highly heterogeneous green spaces in 

suburban and urban areas (Figure 8, Table 6). In contrast, the LGCP and binomial SPDE-GLMM 

models both showed relatively poor AUC and CBI at independent parks, likely because the 

SPDE does not consider autocorrelation outside the sampled and study area. The binomial 

SPDE-GLMM model produced ecologically interpretable predictions for independent parks. 

When park-specific thresholds were used, the model achieved moderate sensitivity and high 

specificity, correctly identifying most absence locations while still detecting presences 

reasonably well (Figure 8). This pattern suggests that including field-collected non-presences and 

spatial random effects helped the model better distinguish between suitable and unsuitable 

microhabitats at sampled locations. This is better illustrated in Figure 8's prediction maps, which 

show the total area of true positive predictions per model. The binomial SPDE-GLMM produces 

more conservative predictions, which could be more effective in targeting hotspots for 

management. 

Including the latent Gaussian spatial field in binomial SPDE-GLMM fundamentally 

changed the prediction surfaces by accounting for spatial autocorrelation that fixed effects alone 
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could not capture. This result was shown by a decline in performance when we ran a test model 

without an SPDE (Supplemental Tables 1; Lindgren et al., 2011). When the spatial field was 

incorporated into our binomial SPDE-GLMM model, predicted probabilities closely reflected the 

clustering of ticks within forested patches and other suitable microhabitats, rather than being 

uniformly low across the landscape as seen when the field was omitted. Mesh resolution can 

further influence these outcomes: fine meshes allow detailed representation of microhabitat 

variation but may risk overfitting, while coarser meshes smooth predictions and can miss smaller 

hotspots (Dambly et al., 2023). Importantly, unlike MaxEnt, mesh creation is a fully controllable 

and transparent component of SPDE-based SDMs. Researchers can explicitly adjust mesh 

density and boundaries to match the ecological scale of interest, enabling them to balance 

predictive detail with model stability and interpretability. 

We found that including non-detection data from field surveys in the binomial SPDE-

GLMM improved estimates, likely by providing more accurate descriptions of available tick 

habitats for comparing observations. Conversely, MaxEnt’s performance was heavily influenced 

by how background points were chosen. During initial model testing for MaxEnt, we used 

10,000 background points confined within park boundaries (Supplemental Figure 1), which 

produced model performance metrics suggesting high accuracy and possible overfitting. 

Improper background sampling is a common critique of MaxEnt (Redding et al., 2017; Kopsco 

et al., 2022), with the literature emphasizing the importance of understanding the extent and 

scale of the dataset and the habitat accessible to the animals sampled. Notably, it is stated that 

10,000 background points within a region are often more than necessary (Valavi et al., 2022). 

For example, including background points in rivers, parking lots, or ball fields—places where 
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ticks would never occur—can reduce ecological realism and inflate performance metrics such as 

AUC. 

Across all models, forest cover consistently emerged as one of the strongest predictors of 

tick presence, aligning with previous research on I. scapularis (Tsao et al., 2021; Rochlin et al., 

2023; Boorgula et al., 2020; Diuk-Wasser et al., 2021; Carroll et al., 1992; Stafford III and 

Magnarelli, 1993). Using MaxEnt, forest contributed the most (46.2%) and showed moderate 

permutation importance (22.9%), indicating its dominant role in shaping predicted suitability. 

Likewise, SPDE-based models demonstrated positive associations with forest cover, especially 

in the binomial SPDE-GLMM model (β = 0.28 ± 0.15, 95% CI = -0.02 to 0.58) and the LGCP 

model (β = 0.41 ± 0.20, 95% CI = 0.01–0.81) (Table 4). Soil type also affected tick distributions, 

but the strength and direction of effects varied across models. The binomial SPDE-GLMM 

identified differences in tick presence linked to soil characteristics, with moderately well-drained 

soils like Channery silt loam (β = 0.62 ± 0.30) and slightly decomposed plant material (β = 0.62 

± 0.28) being positively associated. In contrast, loam (β = -0.62 ± 0.53) and urban soils (β = -

0.44 ± 0.57) showed negative associations (Table 4). MaxEnt also highlighted Channery silt 

loam in its response curves, supporting the importance of well-drained soils for tick habitat as 

seen in the binomial SPDE-GLMM. However, MaxEnt assigned soil an overall contribution of 

18.3% with a lower permutation importance of 13%, suggesting that soil influences overall 

suitability but is not the primary factor in presence-only models (Table 4). These findings align 

with ecological expectations; soils that retain moderate humidity support tick survival, whereas 

urban and compacted soils tend to decrease it (Brunner et al., 2023). 

Our results show that no single model is universally the ‘best” for modeling tick 

distributions, but each approach offers unique insights for tick management. MaxEnt can 
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effectively identify likely tick habitats, yet it is highly sensitive to the choice of background 

points and might over predict occurrences in diverse urban and suburban landscapes. Its high 

sensitivity is useful when the goal is to ensure no potential tick hotspots are missed; however, 

relying on default parameters can inflate perceived model performance and hide ecological 

patterns. MaxEnt also requires significantly more computational time for fine-scale data 

compared to SPDE-GLMMs, which can be fitted more quickly while providing flexible, spatially 

explicit predictions. Conversely, the binomial SPDE-GLMM model, which includes non-

detections and spatial random effects, offers more ecologically meaningful predictions, balancing 

sensitivity and specificity, capturing microhabitat variation through detailed spatial fields, and 

allowing explicit assessment of covariates such as forest cover and soil type. From a 

management viewpoint, models that slightly over predict tick presence may be preferable, as 

they help identify potential hotspots for surveillance and intervention. Combining field-informed 

sampling—especially the collection of non-detections along transects—with spatially explicit 

modeling produces robust predictions while maintaining ecological realism. Overall, SPDE-

GLMMs with detection-non-detection data, latent spatial fields, and carefully chosen mesh 

resolution provide the most flexible and interpretable tool for fine-scale tick risk mapping. 

Meanwhile, MaxEnt can serve as a complementary approach for comparison with presence-only 

predictions. 
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ABSTRACT 

Urbanization alters habitat structure and reshapes wildlife communities, with potential 

consequences on community composition and species interaction. To examine how wildlife 

occupancy responds to fine-scale landscape structure across an urban–suburban gradient, I 

deployed a large-scale camera-trapping array across eight parks in Montgomery County, 

Maryland. Ninety-two cameras were operated year-round and subsampled into early- and late-

summer six-week periods to meet occupancy model closure assumptions. I fit latent-variable 

joint species distribution models (LV-JSDMs) using the spOccupancy package on eight species. 

For this analysis, we focused on a subset of mammal: white-tailed deer (Odocoileus virginianus), 

coyote (Canis latrans), red fox (Vulpes vulpes), raccoon (Procyon lotor), opossum (Didelphis 

virginiana), gray squirrel (Sciurus carolinensis), eastern cottontail rabbit (Sylvilagus floridanus) 

and wild turkey (Meleagris gallopavo). Across eight parks spanning an urban-rural gradient, 

mean community occupancy based on the expected probability of occupancy for a randomly 

selected species from a community average site was 0.45 (0.10–0.86, 95% CI) in early summer 

and 0.43 (0.10–0.85, 95% CI) in late summer. During early summer, community occupancy 

increased 1.63 (0.67–4.07, 95% CI) times with trail density, 1.53 (0.60–3.85, 95% CI) times with 

distance to major roads, 1.53 (0.50–4.35, 95% CI) times with building density, and 1.25 (0.55–

3.01, 95% CI) times with protected areas, indicating consistent use of urban features at the 

community scales. Urban-associated, such as raccoons and red fox, species showed the clearest 

responses to built environments. Raccoon occupancy increased 2.73 (0.67–14.86, 95% CI) with 

building density and 1.78 (0.64–5.64, 95% CI) with trail density. Gray squirrels displayed similar 

positive associations with urban structure (1.50, 0.50–4.93, 95% CI; 3.17, 0.73–15.19, 95% CI; 

1.54, 0.52–4.63, 95% CI). Red fox occupancy likewise increased with both building density 2.52 
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(0.68–10.56, 95% CI) and trail density 1.72 (0.63–5.01, 95% CI). Residual correlations from the 

latent factor further supported shared use of urban habitat, including strong positive early 

summer associations between red fox–raccoon (0.72) and red fox–gray squirrel (0.62), with 

similar patterns in late summer. Together, these results show that fine-scale urban landscape 

features shape both species-specific habitat use and emergent community structure, revealing 

that some wildlife species adapt readily to urban environments while others remain sensitive to 

urbanization. 

KEYWORDS 

Wildlife community, latent factor, multi-species occupancy model, species distribution model, 

urban 

 

INTRODUCTION 

As over half of the global population now lives in urban areas, understanding the 

complexity of these landscapes, their effects on wildlife communities, and how to improve 

management in green spaces is increasingly important for conserving biodiversity and 

maintaining healthy ecosystems. The US population reached 331 million people in 2025, with 

about 80% living in urban areas (U.S. Census Bureau, 2025). Meanwhile, urban land in the U.S. 

grew by roughly 14% from 2000 to 2020, covering approximately 3% of the total land area, 

indicating rapid urbanization (Center for Sustainable Systems, 2025). In this context, urban green 

spaces such as parks, wooded corridors, and remaining forests are gaining importance for their 

ecological, economic, and public health benefits (McDonnell and Hahs, 2008). While natural 

areas can serve as habitats for a variety of plants and animals, their close proximity to human 

activity can also lead to conflicts between people and wildlife or increase the risk of zoonotic 
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disease transmission (Mackenstedt et al., 2015). This dual nature of urban green spaces 

emphasizes the need to understand how wildlife communities use and respond to these 

environments, and the importance of developing more effective management strategies to 

support ecosystem health and function within cities. 

Urban environments are complex systems that arise from interactions among ecological, 

physical, and social processes. Even within a region, the patterns of land use and human activity 

are often context-specific, influenced by historical, cultural, and socio-economic factors (Alberti 

et al., 2020). However, the term “urban” is often applied broadly, masking substantial differences 

in city form, history, and spatial structure that influence how wildlife uses space. For example, 

many Sunbelt cities are characterized by low-density, single-family zoning and horizontal 

sprawl, whereas older East Coast cities developed as compact, high-density port cities with 

vertical growth and intricate street networks (Durst et al., 2024). As Alberti et al. (2020) 

emphasize, urban systems are not a simple disturbance gradient but dynamic ecological 

landscapes shaped by multiscale interactions, habitat alteration, connectivity, and biological 

processes. Using a single label for such diverse urban forms oversimplifies how city design 

affects wildlife. Compact cities often contain limited green corridors, favoring disturbance-

tolerant species, while sprawling cities provide larger patches of semi-natural habitat, more edge 

environments, and greater opportunities for wildlife movement. 

Urbanization reorganizes both biological and physical processes, leading to widespread 

changes in resource availability, dispersal, inter- and intraspecific interactions, and gene flow 

(Alberti et al., 2020). Even within parks, human activities such as recreation and infrastructure 

development alter animal behavior, often causing shifts in daily activity patterns to avoid 

disturbance (Bateman and Fleming, 2012; Gallo et al., 2017; Marion et al. 2024). Due to high 
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human densities, interactions with wildlife can range from positive to negative, and urban 

environments frequently intensify conflicts through increased opportunities for property damage, 

disease transmission, and wildlife–vehicle collisions (Soulsbury and White, 2015). A specific 

example is supplemental feeding, which can reshape wildlife communities by increasing 

populations of adaptable, generalist species, decreasing those of specialists, and changing 

competitive hierarchies and predator–prey relationships (Newsome et al., 2015; Hansen et al., 

2020). For instance, supplemental feeding of white-tailed deer has been shown to raise the 

prevalence and spread of vector-borne diseases like Lyme disease (Ostfeld et al., 2006; 

Kilpatrick et al 2014). This supplemental feeding often occurs within single-family 

neighborhoods, within private yard space or common areas, drawing animals directly into human 

spaces. 

Landscape features such as fragmentation, patch connectivity, and habitat composition 

also affect which species survive and how communities form. Habitat loss and fragmentation are 

major drivers of urban wildlife community composition, as isolated habitat patches restrict 

movement and can reduce genetic diversity over time (Miles et al., 2019; Larson and Sander 

2025). Additionally, the loss of connectivity between habitats can ripple through wildlife 

communities, influencing functional diversity, population density, and survival (Aronson et al., 

2017; Liu et al., 2025). Over time, landscape-specific fragmentation and environmental stress 

alter ecological networks, favoring generalist and synanthropic species over specialists (Parker 

and Nilon, 2012; Aronson et al., 2017). While fragmentation is just one factor that varies across 

taxa, it highlights a human-driven element that can weaken an ecosystem's overall resilience if it 

exceeds a certain threshold (Fu et al., 2025).  
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Despite many structural and functional challenges, urbanization can open up new 

ecological opportunities for wildlife. Many species show behavioral flexibility, physiological 

tolerance, and even evolutionary adaptation to city environments (Alberti et al., 2020). For 

example, some bird species have thrived in cities due to the availability of nest sites on buildings 

and other structures that resemble natural cliff ledges (Gahbauer et al., 2015), as have red foxes, 

which display greater tolerance for suburban development and often use human-altered habitats 

(Farmer et al., 2024). In Edinburgh, red foxes benefited from green spaces with higher 

connectivity, despite these areas being linked to increased parasite loads, highlighting the 

ecological trade-offs of urban living (Gecchele et al., 2020). 

In some cases, urban landscapes can facilitate gene flow and maintain population 

connectivity for specific mobile or disturbance-tolerant species through corridors, restored 

waterways, and green infrastructure (Miles et al., 2019; Butler et al., 2022). Suburban and peri-

urban parks often serve as refuges where both specialist and generalist species coexist, enhancing 

functional diversity and providing essential ecological services (Heylen et al., 2020; Beninde et 

al., 2015). Despite implications for disease transmission, supplemental feeding and other 

backyard resources can significantly influence urban wildlife communities, increasing local 

abundance and species richness, especially among mesocarnivores and generalist species 

(Hansen et al., 2020). Ultimately, urban green spaces foster interactions between humans and 

nature, boosting conservation awareness and stewardship (Basak et al., 2023). In the long term, 

better planning of functional connectivity for biodiversity in cities can support both wildlife 

survival and ecosystem services such as pollination, pest control, and recreation (Soga et al., 

2019; Lilly et al., 2025).  
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Both the benefits and drawbacks of urban matrices provide valuable insights into how 

local environmental diversity and human impacts shape wildlife communities. While many 

studies aim to analyze urban biodiversity across multiple cities, it is crucial to examine the 

factors affecting wildlife at a more detailed level, because not all green spaces within cities are 

identical. Urban areas tend to have generalist species that can adapt to survive, reproduce, and 

disperse amid high environmental stress, leading to changes in community structure and 

ecological functions (Aronson et al., 2017; Alberti et al., 2020). However, the extent to which 

unmeasured ecological processes—such as species interactions or responses to hidden 

environmental factors—contribute to community structure remains poorly understood (Aronson 

et al., 2017). In this study, we analyzed wildlife communities at a fine spatial scale to understand 

how local urban landscape patterns influence community composition and species-specific 

occupancy. Specifically, this study aims to investigate how 1) fine-scale urban landscape patterns 

affect wildlife community occupancy, 2) identify habitat features that strongly support both the 

wildlife community and individual species, and 3) how species interactions within the 

community respond to urban landscape features, offering insights into the ecological dynamics 

of wildlife in urban environments. 

 

MATERIALS AND METHODS 

Study Area 

I conducted this study across eight parks within Montgomery County, Maryland. As part 

of the larger Washington, D.C., metropolitan area, Montgomery County is Maryland's most 

populous county, with approximately 1.1 million residents. I selected parks based on their level 

of urbanization and sprawl, using the U.S. Census 2020 classification of metropolitan areas (a 
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minimum of 2,000 houses or 5,000 people). I categorized parks as rural if there were fewer than 

1,000 people per square kilometer, moderately suburban if between 1,000 and 2,500 people per 

square kilometer, highly suburban if between 2,500 and 6,000 people per square kilometer, or 

urban if above 6,000 people per square mile. The urban parks Rock Creek Regional (686.3 acres) 

and Sligo Creek (343 acres), both bordering Washington, D.C., are located between three 

Maryland urban centers (see Figure 1). Cabin John (513.8 acres) and Upper Paint Branch (1208 

acres) were identified as high suburban parks; Great Seneca Stream Valley Park (854 acres) and 

Muddy Branch Park (1413.9 acres) were moderately suburban parks; and Woodstock Equestrian 

(893 acres) and Little Bennett (3256.7 acres) were rural parks (Figure 1).  

Camera Array  

I used a random-point generator in ArcGIS to assign initial camera placements, 

constrained by park boundaries, ensuring a distance of 800-1,000 meters between points and no 

more than 10 points per park. Afterward, I assessed these locations in the field to minimize bias 

from game trails or other features that could influence camera encounters. In total, we set      

cameras in six parks to specifically measure species richness and diversity, with each park 

having between six and nine cameras. . Across all parks, I deployed 92 cameras, positioning 

them about 1 meter above the ground and programming them to capture three photo bursts with 

zero-second intervals, allowing continuous animal photos and aiding species identification. I 

operated the cameras year-round, covering the full 24-hour cycle (Rowcliffe et al., 2008; Ostfeld 

et al., 2018; Hofmeester et al., 2021). I checked and maintained the cameras monthly. Initial data 

processing was done using Timelapse, an image analysis program for camera traps, to help 

identify wildlife species (Greenberg, 2024). Records of all species and birds were recorded with 

this method. For this analysis, we focused on a subset of mammals—white-tailed deer 
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(Odocoileus virginianus), coyote (Canis latrans), red fox (Vulpes vulpes), raccoon (Procyon 

lotor), opossum (Didelphis virginiana), gray squirrel (Sciurus carolinensis), and eastern 

cottontail rabbit (Sylvilagus floridanus)—as well as wild turkey (Meleagris gallopavo), 

representing generalist species common in urban–suburban environments and functioning as 

both predators and prey. 

One assumption of occupancy modeling is that the population is closed, meaning no 

colonization or extinction a site, in this case at a grid cell but movement can occur . To prevent 

bias from violating this assumption, I limited data to 6-week periods in early summer (June-July) 

and late summer (August-September). Another assumption is that animals are not counted at 

multiple cameras within the same sampling period. To address this, I applied a hexagonal grid 

across the study area and grouped observations at cameras within the same grid cell. Grid cells 

enhance species detection by increasing the number of cameras per site and reducing variability 

across camera placements (Pease et al., 2016; Hofmeester et al., 2021; Oliveira et al., 2023). I 

defined the grid cell size by examining the home-range sizes of all focal species in urban and 

suburban environments during summer (Table 1). When literature data were unavailable, I used 

rough estimates of home range from available sources. The grid cell size was based on the 

median home-range of all species within the study, diameter (700 m) to account for factors such 

as study site size, home-range size, and animal dispersion (Efford and Dawson 2012). To reduce 

bias from grid placement, I performed 10 iterations of the analysis, randomly shifting the grid 

each time. This approach functions similarly to a multiple-imputation framework, where each 

randomized grid represents an alternative plausible sampling configuration. By rerunning the full 

analysis across these randomized grids, I accounted for uncertainty in grid placement, reduced 



41 
 

spatial bias and improved the robustness of the model estimates. The total number of sites at the 

cell level ranged from 64 to 66 across grid iterations.  

Landscape Covariates 

I based my selection of potential land cover covariates for wildlife species' habitat use in 

the Washington DC, Maryland and Virginia metropolitan area on existing literature and on 

general natural spaces within the urban landscape. For example, white-tailed deer (Odocoileus 

virginianus) thrive in suburban and urban areas due to residual green spaces and surrounding 

urban matrices that create forest corridors and open landscape patches, providing food and cover 

(Kilpatrick et al., 2011; Roden-Reynolds et al., 2022). Although studies on wild turkeys 

(Meleagris gallopavo) in urban and suburban areas are limited, habitat fragmentation has been 

identified as a major factor influencing turkey occupancy, with forest cover playing a significant 

role in their presence (Collins and Gallo, 2024). Eastern cottontail rabbits (Sylvilagus 

floridanus), which typically inhabit early successional vegetative communities, are classified as 

generalists and can occupy a wide range of land cover types. However, a mix of open areas and 

shrubs is crucial for habitat selection (Bond et al., 2002). Coyotes (Canis latrans) tend to select 

core green spaces that offer cover and hunting opportunities, avoid highly developed areas such 

as roads and buildings, and benefit from highly connected green space networks that facilitate 

movement (Farmer et al., 2024). Conversely, other mesopredators like red foxes (Vulpes vulpes), 

raccoons (Procyon lotor), and Virginia opossums (Didelphis virginiana) prefer woodland and 

human-altered areas similar to those of deer, but they can also exploit residential food sources 

and cover (Crandall et al., 2024; Farmer et al., 2024; Gehrt, 2009). Finally, eastern gray squirrels 

(Sciurus carolinensis), common in Maryland and DC, prefer mixed hardwood forests and can 

survive in isolated forest patches as long as there are ample food and cover (Tounzen et al., 
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2012). As such, I created 14 potential covariates for my occupancy model, including cohesion, a 

measure of the physical connectedness of natural habitat patches; the proportion of human-active 

green space; interspersion and juxtaposition index (IJI), which quantifies how evenly different 

patch types are interspersed across the landscape; proportion of natural areas; perimeter-area 

ratio; protected lands; building density; total core area of natural habitat; elevation; distance to 

major roads; trail density; distance to trails; and light pollution. 

I generated landscape covariates in AcrPro© and FragStats using 1m resolution land cover 

data from the 2021-2022 Chesapeake High-Resolution raster (CBPO 2022), TIGER/Line census 

road and trail tract data, and elevation data retrieved from the MD iMAP Data Catalog (Eastern 

Shore Regional GIS Cooperative, 2018; Maryland LiDAR Statewide-DEM, MD iMAP Data).  

Because average elevation differed across parks, I standardized the covariate within each park to 

a unit range using its minimum and maximum elevations, ensuring that the covariate captured 

local topographic variation rather than absolute regional elevation. I obtained trail location data 

from the MNCPPC Montgomery County Data Catalog and building locations from the Federal 

Emergency Management Agency (FEMA) USA (FEMA, 2025). I derived light pollution from 

the nighttime light map produced by the Earth Observation Group (Elvidge et al., 2017). I 

resampled landcover data from 1 to 10 meters using the majority function in ArcPro. I 

reclassified land cover into five categories: natural, human-active space, urban, barren, and 

wetlands. Non-manicured or human-disturbed landscapes, such as meadows and forests, 

characterize “natural” habitat. Manicured recreational spaces include areas with mowed lawns, 

baseball fields, and other open green spaces with high human activity are classified as human-

active space. I calculated the proportions of natural and human-active space using the focal 

statistics function with a 100-meter moving window, which approximates the camera's field of 
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view and aligns with the third and fourth orders of selection for focal species (Johnson 1980). 

Third-order selection refers to how animals utilize habitat components within their home range, 

and fourth-order selection involves choosing specific resources or sites within those components 

(Johnson 1980). By selecting a 100-m window—comparable to the focal area of our camera 

sites—we targeted spatial variation relevant at the scale at which wildlife move and interact with 

landscape patches, rather than broader home-range or landscape scales. From these reclassified 

variables, perimeter-area ratio, total core area, interspersion and juxtaposition, and cohesion were 

calculated to assess fragmentation and connectivity of natural space across the urban gradient. I 

derived a ‘protected land’ covariate from the Maryland Biodiversity Conservation Network 

(BioNet) layer developed by the Maryland Natural Heritage Program (Maryland DNR). The 

BioNet project prioritizes areas of high biodiversity value, ranked from Tier 1 (critically 

significant) to Tier 5 (moderately significant). I selected polygons categorized as Tier 3 (highly 

significant), Tier 4 (moderately significant), and Tier 5 (significant), and rasterized them to 

calculate a proportion. The BioNet framework emphasizes the site's importance of relative 

conservation, especially for rare species, high-quality habitats, and intact, connected landscapes 

(Maryland DNR, 2025). Since the Tier system is based on species occurrence and habitat quality 

rather than legal protection status, I interpret this variable as an indicator of conservation-priority 

areas and areas with high conservation needs in Maryland for current or future management 

efforts. I calculated the density of all buildings using focal statistics in ArcPro. I derived trail 

density and trail distance from line density and distance accumulation. Finally, I reclassified 

roads to distinguish primary and secondary roads as significant barriers to wildlife, and I 

computed the distance to these roads using distance accumulation. 
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To capture third- and fourth-order responses from wildlife within an urban green space, 

we maintained fine spatial scales (i.e., 10x10 resolution and a 100-meter moving window). 

Before fitting the model, covariates were checked for correlation at both the camera and grid 

levels, and any with correlations above 0.7 were removed. Using this criterion, I retained 

protected lands, distance to major roads, total core area, building density, scaled elevation, trail 

density, and light pollution for testing in a univariate model selection process described below. 

Finally, I standardized covariates by subtracting the mean and dividing the standard deviation, 

which results in values with a mean of 0 and a standard deviation of 1, facilitating comparison of 

effect sizes across predictors in a model. 

Statistical Analysis 

To estimate individual species and community occupancy, I fitted a multi-species 

occupancy model, also known as a joint species distribution model (JSDM), with imperfect 

detection using the Bayesian spOccuancy package in R (Doser et al., 2023). This framework 

extends the multi-species occupancy model of Dorazio and Royle (2005) by applying "latent 

factors," or latent variables, to group similar species. Latent variables are unobserved variables 

that capture shared variation in the occupancy probabilities across each species surveyed (Hui et 

al 2015; Ovaskainen et al., 2016; Tobler et al., 2019; Doser et al., 2023). The addition of latent 

variables enables more complex modeling of interdependencies within a community without 

requiring the estimation of all pairwise species interactions. Latent variables are increasingly 

used in joint species distribution models (JSDMs) to capture correlations among species, as they 

can be more computationally efficient than standard correlation tests if you have many species, 

as the number of species increases (Tobler et al., 2019; Ovaskainen and Abrego, 2020). Residual 

correlations from LV-JSDMs indicate how species co-occur after controlling for all measured 
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covariates and random effects. These correlations can help test hypotheses about why species 

occur together or apart, for example, whether co-occurrence is driven by biotic interactions (e.g., 

competition or factors (Ovaskainen and Abrego, 2020). These models can offer insights into 

potential interactions or shared habitat preferences within a wildlife community (Ovaskainen et 

al., 2016; Doser et al., 2023).  

I used a latent-variable multispecies occupancy model to jointly estimate species 

occurrence while accounting for imperfect detection and residual correlations among species. In 

this framework, each species has its own occupancy and detection processes, while sharing a 

common set of environmental covariates in the occupancy component (Tobler et al., 2019). 

Residual co-occurrence patterns among species that are not explained by measured covariates or 

detection are modeled using a small number of latent factors, which can be interpreted as 

unmeasured site-level ecological gradients influencing multiple species simultaneously (Hui et al 

2015; Tobler et al 2019; Doser et al 2023). Species-specific loadings quantify the strength and 

direction of each species’ response to these latent factors, and together induce a residual 

correlation structure among species’ occupancy states. This latent-factor formulation provides an 

approximation to the full species correlation matrix and is computationally efficient for 

communities with many species. The equation for the multi-species occupancy model with latent 

variables within spOccuancy is as follows: 

𝑦𝑦𝑖𝑖𝑖𝑖𝑖𝑖~ 𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵(𝑧𝑧𝑖𝑖𝑖𝑖𝑝𝑝𝑖𝑖𝑖𝑖𝑖𝑖) 

𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙(𝑝𝑝𝑖𝑖𝑖𝑖𝑖𝑖) =  𝑊𝑊𝑖𝑖𝑖𝑖𝛼𝛼𝑠𝑠 

 

For detection, s is species, i is site and survey is k. 𝑦𝑦𝑖𝑖𝑖𝑖𝑖𝑖 is the observed detection of 0 and 1. 𝑧𝑧𝑖𝑖𝑖𝑖𝑖𝑖 

is the true occupancy state. spOccuancy uses a logit latent-variable occupancy model, with 𝑝𝑝𝑖𝑖𝑖𝑖𝑖𝑖 
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being the detection probability, 𝑊𝑊𝑖𝑖𝑖𝑖 detection covariates and 𝛼𝛼𝑠𝑠 species-specific detection 

coefficients.  

𝑧𝑧𝑖𝑖𝑖𝑖~ 𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵(𝜓𝜓𝑖𝑖𝑖𝑖) 

𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙(𝜓𝜓𝑖𝑖𝑖𝑖) =  𝑋𝑋𝑖𝑖𝛽𝛽𝑠𝑠 + 𝑙𝑙𝑖𝑖𝜃𝜃𝑠𝑠 

 

For occupancy, similar to detection, s is species, i is site and, survey is k. 𝑧𝑧𝑖𝑖𝑖𝑖 is the true 

occupancy state.  𝑋𝑋𝑖𝑖 are landscape covariates shared across species, and 𝛽𝛽𝑠𝑠 Species-specific 

occupancy coefficients. The 𝑙𝑙𝑖𝑖𝜃𝜃𝑠𝑠 represents the latent variable included in the occupancy model, 

where latent variables 𝑙𝑙𝑖𝑖 (commonly written as latent factor) and a vector of corresponding to 

species specified latent favorable coefficients  𝜃𝜃𝑠𝑠 (often referred to as latent loadings). So, more 

clearly, latent factors at the site level, based on species and grouping, latent loadings are how 

strongly each species responds to latent groupings. Finally, I estimated community-level 

hyperparameters for all occurrence coefficients, including intercepts, which describe community-

level mean effects for each occurrence covariate (Doser et al, 2023). 

The number of latent variables in the multi-species model was determined through model 

selection. Latent variables represent unobserved ecological gradients that induce residual 

correlations among species, and their number can range from 1 (all species respond to a single 

shared gradient) to the total number of species (Tobler et al., 2019). To improve model stability 

and account for environmental variation, we included at least one measured covariate in the 

occupancy. We examined all candidate landscape covariates and selected elevation, which was 

most strongly associated with camera locations, to account for variation in species occupancy 

across sites. We evaluated models with 1 to 8 latent variables per grid cell, corresponding to the 

total number of species in the analysis. For each model, we calculated the Watanabe-Akaike 
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Information Criterion (WAIC) to assess model fit. We then summarized the results by, for each 

grid, identifying the number of latent variables that yielded the lowest WAIC, and we used the 

median of these values across all grids as the final number of latent variables included in the 

model. 

To identify the best descriptors of variation in occupancy, we compared WAIC for 

models using each covariate alone against a model with no covariate relationships and 

determined which covariates outperformed the null model (Table 3). For all models, we included 

the number of cameras per grid cell and the sampling day as detection covariates (Hofmeester et 

al., 2021). Detection covariates were kept constant throughout model selection and in the final 

model.  

To fit the final multi-species occupancy models, we used the lfMsPGOcc function in the 

spOccupancy package, implementing seven latent variables for the early-summer (ES) model 

and six for the late-summer (LS) model, based on model selection (Table 2). I also included a 

park-level random effect for occupancy. Detection probability was modeled as a function of 

survey day and sampling effort (number of cameras). Each grid was modeled independently, 

resulting in 10 separate model fits and 10 sets of posterior estimates for coefficients, occupancy, 

detection, and latent variable LV correlations. Models fit in a Bayesian framework using Markov 

chain Monte Carlo (MCMC)(6,000 iterations, 2,000 burn-in, thinning = 4) with weakly 

informative priors. I specified weakly informative priors for the community-level occupancy and 

detection coefficients as normal distributions with mean 0 and variance 2.72, and for species-

level variability around these coefficients as an inverse-gamma distribution with shape and scale 

parameters 0.1, allowing moderate flexibility while constraining estimates to plausible ranges. 
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 Convergence of MCMC was evaluated using the R-hat statistic, where values near 1.0 

indicate comparable within- and between-chain variance and thus reliable convergence, and 

values greater than 1.01 were not. We evaluated model fit using posterior predictive checks 

based on the Freeman–Tukey discrepancy, which provides Bayesian p-values for both the 

occupancy and detection components. For final inference, posterior draws from all ten grids were 

pooled in R to create combined posterior distributions for each parameter. Species-specific 

occupancy probabilities were computed for each draw, and community-level summaries were 

derived by averaging community occurrence across species and grids. Credible intervals were 

then obtained from these combined posterior distributions. Beta coefficients were transformed to 

odds ratios to interpret the effect of a one standard deviation increase in a covariate on species 

occupancy, where values near 1 indicate no effect, values greater than 1 indicate a positive 

association, and values less than 1 indicate a negative association. Park-level species occupancy 

(ψ) was obtained by extracting grid-level estimates and averaging them across grids (Jones and 

Peery 2019). 

RESULTS 

Model Selection 

In ES, we estimated a median LV of 7 across grids. In LS, the median LV was 6.5, which 

we then rounded down to 6 (Table 2). When comparing covariates, all models outperformed the 

null during both ES and LS, and estimates by species were consistent across iterations. As a 

result, we included all covariates in the final model for both ES and LS (Table 3). In ES, the 

community-level (site) Bayesian p-value was 0.11 ± 0.02, and the detection-level (survey) 

Bayesian p-value was 0.40 ± 0.02. In LS, the community-level (site) p-value was 0.10 ± 0.01, 

and the detection-level (survey) p-value was 0.50 ± 0.02. 
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Species-specific Estimates 

Early summer-Mean occupancy probability varied significantly among species. White-

tailed deer had the highest occupancy at an average of 0.99 (0.96-1.00, 95% CI), followed by 

raccoons at 0.89 (0.67-0.98, 95% CI). I estimated Red fox occupancy at 0.75 (0.48-0.92, 95% 

CI), gray squirrels at 0.43 (0.17-0.74, 95% CI), opossums at 0.26 (0.01–1.00, 95% CI), and 

coyotes at 0.15 (0.04-0.38, 95% CI). Cottontails and turkeys were the least common, with 

occupancy probabilities of 0.03 (0.00-0.14, 95% CI) and 0.01 (0.00-0.07, 95% CI), respectively.  

Model averaged covariates of occupancy differed among species. For example, raccoon 

occupancy was 1.41 times more likely with 1 SDI in protected area coverage (0.54-4.03, 95% 

CI), 2.73 times more likely with 1 SDI in building density (0.67-14.86, 95% CI), and 1.78 times 

more likely with a 1 SDI increase in trail density (0.64-5.64, 95% CI). Gray squirrels showed 

similar patterns, with higher occupancy linked to protected areas (1.50, 0.50-4.93, 95% CI), 

building density (3.17, 0.73-15.19, 95% CI), and trail density (1.54, 0.52-4.63, 95% CI). Red fox 

occupancy was positively associated with building density (2.52, 0.68-10.56, 95% CI) and trail 

density (1.72, 0.63-5.01, 95% CI), while cottontail occupancy increased most with protected 

areas (1.68, 0.55-6.73, 95% CI) (Table 5). Detection probability also varied across species. Gray 

squirrels were the most detectable, with a mean detection probability of 0.92 (0.57-0.99, 95% 

CI). Coyotes had high variability in detection (0.08; 0.003-0.74, 95% CI), reflecting high 

variability across sites. (Table 4, Figure 3) 

Late summer - Mean occupancy probability varies among species. White-tailed deer 

remained highly prevalent, with an average site occupancy of 0.99 (0.97–1.00, 95% CI). 

Raccoons were also common at 0.79 (0.51–0.94, 95% CI), followed by gray squirrels at 0.56 

(0.27–0.83, 95% CI), red fox at 0.67 (0.39–0.87, 95% CI), and coyotes at 0.30 (0.09–0.64, 95% 
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CI). Opossums (0.03, 0.01–0.12, 95% CI), cottontails (0.04, 0.01–0.16, 95% CI), and turkeys 

(0.02, 0.001–0.27, 95% CI) were all relatively rare. 

Species-specific occupancy responses to landscape covariates varied among species. 

Raccoon occupancy increased with protected area coverage (1.05, 0.30–3.29, 95% CI), building 

density (1.90, 0.62–5.83, 95% CI), and trail density (1.66, 0.59–5.33, 95% CI). Gray squirrel 

occupancy was higher with protected areas (1.88, 0.64–6.18, 95% CI), building density (2.60, 

0.82–9.21, 95% CI), and trail density (2.30, 0.79–7.95, 95% CI). Red fox showed positive 

associations with building density (2.43, 0.81–7.84, 95% CI) and trail density (2.11, 0.69–9.87, 

95% CI), while cottontail occupancy increased most with protected areas (2.47, 0.76–11.26, 95% 

CI) (Table 7, Figure 3). 

Detection probability varies among species. Gray squirrels had the highest detection rate, 

with a mean detection probability of 0.92 (0.57–0.99, 95% CI). White-tailed deer showed 

moderate detectability at 0.64 (0.28–0.89, 95% CI), while coyotes had lower detectability at 0.08 

(0.002–0.80, 95% CI). Other species exhibited intermediate detection probabilities (Table 6). 

Residual Association via Latent Factor Correlation 

Early Summer - Species co-occurrence was highest between red fox and raccoon (r = 

0.72). Other moderately strong positive correlations included red fox with gray squirrel (r = 

0.62), gray squirrel with cottontail (r = 0.62), opossum with red fox (r = 0.58), and raccoon with 

gray squirrel (r = 0.58) ( Table 8, Figure 4). 

Late Summer - The strongest positive correlations among species were observed between 

opossum and red fox (r = 0.66), red fox and coyote (r = 0.57), red fox and raccoon (r = 0.62), and 

opossum and gray squirrel (r = 0.56). Red fox consistently exhibited high positive correlations 

with multiple species, including opossum, raccoon, and gray squirrel (Table 8, Figure 4). 
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Species-Specific Occupancy By Park 

Early Summer - Across species and parks, occupancy levels varied, but several clear 

patterns emerged. White-tailed deer consistently showed high occupancy across all parks, with 

the highest estimates at Cabin John (CJ) 0.98(0.94-0.99 95% CI) and Muddy Branch (MB) 

0.98(0.97- 0.99 95% CI). Raccoons and red foxes also had elevated occupancy in multiple parks, 

especially at Sligo Creek (SC)—raccoon: 0.83 (0.56-0.95 95% CI); red fox: 0.87 (0.88-0.95 95% 

CI). Gray squirrels were also fairly common at Sligo Creek 0.84 (0.63-0.93 95% CI). Coyotes 

showed more moderate use of parks overall, with the highest occupancy at Great Seneca (GS) 

0.46 ( 0.22-0.53). In contrast, opossums and cottontail rabbits had lower and more variable 

occupancy ( Table 9, Figure 5). 

Late Summer - White-tailed deer consistently showed high occupancy, with the highest 

values at Rock Creek (RC) 0.98 (0.96-0.98 95% CI) and Cabin John (CJ) 0.98 (0.95-0.98 95% 

CI). Raccoons and red foxes were especially abundant in Sligo Creek (SC), with occupancy rates 

of 0.79 (0.77-0.98 95% CI) and 0.86 (0.80-0.87, 95% CI) , respectively. Gray squirrels also had 

elevated occupancy in SC 0.82 (0.77-0.84, 95% CI), highlighting park-specific concentrations of 

certain species. Coyotes reached their peak occupancy in Cabin John (CJ) 0.57(0.17-0.57 95% 

CI) and Little Bennett (LB) 0.45 (0.14-0.45), indicating more moderate use across other parks. 

Conversely, opossums, cottontails, and turkeys generally exhibited lower and more variable 

occupancy (Table 10, Figure 5) 

DISCUSSON  

 Wildlife community responses to urban matrices vary with the structure of those 

landscapes (Aronson et al. 2017), which is unique to each city. While combining data from 

multiple urban areas can provide a broad view of habitat use, understanding local patterns of 
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development is crucial for identifying the factors that affect wildlife communities. Our results 

show a thriving generalist wildlife community, with particularly high occupancy and abundance 

of well-established species such as white-tailed deer, raccoons, gray squirrels, and red foxes—

even in human dense parts of the county—while species less tolerant of human disturbance, like 

coyotes and turkeys, even if tolerant of suburban and urban areas, tend to avoid higher-human 

density, smaller, or more linear parks (Collins et al 2023; Zepeda et al, 2025).  

The Washington, D.C. metropolitan area demonstrates a complex urban structure. As one 

of the oldest cities in the United States, D.C.’s historical growth, combined with its location 

along the I‑95 corridor, has created a densely packed urban sprawl that merges with nearby older 

cities, including Baltimore. The D.C. metropolitan region, covering the surrounding Maryland 

counties, is part of the Washington–Baltimore Combined Statistical Area (CSA), with an 

estimated population of 10,069,066 and an average density of 763 people per square mile. Some 

neighborhoods in Montgomery County, Maryland, reach densities of 6,000–12,000 people per 

square mile, making it the third-largest metropolitan region in the United States after New York 

and Los Angeles (Census Reporter, 2023). Unlike typical suburban sprawl dominated by single-

family homes, this region features overlapping, high-density growth, resulting in various types of 

green spaces—from pocket parks and historic linear waterways to large recreation areas.  

Despite the common trade-off between urban density and green space observed 

worldwide (McDonald et al., 2023), the D.C. metropolitan area maintains an established network 

of green spaces such as Rock Creek Park (created in 1890). The shape and makeup of wildlife 

communities are affected not only by basic ecological needs like shelter, food, and water but also 

by broader landscape features, including patch size, connectivity, and the type and quality of 

natural spaces (Lepczyk et al., 2017). Fragmented landscapes with limited vegetation and 
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connectivity, such as isolated pocket parks, can greatly reduce urban wildlife communities 

(Heylen et al 2019). Understanding what influences community occupancy is especially 

important in regions with well-established parks and green spaces amid extensive and growing 

urban development, like Montgomery County, Maryland. Along the urban–rural gradient, 

community occupancy was consistently higher in more natural or higher-quality habitats, 

supporting the idea that the amount and connectivity of natural areas encourage greater wildlife 

diversity (Heylen et al., 2019; Collins and Gallo, 2024). Covariates in our study varied both 

among species within a season and for a species between early and late summer. Trail density 

was consistently positively associated with occupancy, indicating that wildlife communities are 

more likely to be found in areas with more trails. This aligns with previous findings that animals 

like white-tailed deer, raccoons, and foxes often use trails without avoiding them (Kays et al., 

2017; Anderson et al., 2023). Distance to major roads was positively related to occupancy in 

early summer, suggesting that wildlife are more common farther from roads, which can act as 

barriers, especially for smaller mammals. By late summer, this relationship weakened or 

reversed, indicating a seasonal shift in movement patterns. This shift may also be reflected in the 

somewhat stronger positive correlation between building density and occupancy during this 

period. What could be driving this relationship is behavioral movement decisions by species, for 

example white-tail deer and fall rut (Roden-Reynolds et al 2022). Additionally, occupancy 

probabilities in late summer slightly increased in areas with larger core natural zones and lower 

elevations, indicating potential foraging shifts moving into fall. Although these changes occur 

over a single summer season, they highlight that wildlife community–landscape metric 

interactions vary at fine spatial and temporal scales and that species-specific behaviors likely 

drive these community patterns. 
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More natural or higher-quality habitats for urban wildlife, as measured through total core 

natural areas, the proportion of protected land, and elevation, played a crucial role in shaping 

wildlife communities within the District of Columbia's urban landscapes. Elevation can be an 

indicator because, as stated previously, many parks in this region fall within stream valleys, 

while the total core area of the natural environment is the total area of connected natural spaces 

such as undisturbed forest and meadows. Total core natural area positively influenced the 

occupancy of opossums, red foxes, coyotes, and raccoons in early summer, with a slight positive 

seasonal shift in late summer for white-tailed deer and turkeys to using core area more, which 

could be favoring core areas before the rut or for rearing poults, respectively (Roden-Reynolds et 

al 2022). In contrast, species such as cottontails and gray squirrels showed neutral to negative 

associations with total core area, likely because of the patchiness of the landscape and because 

cottontails prefer early succession habitats, and gray squirrels can survival within small forest 

patches (Barbour et al, 1993; Fusco et al, 2023). For mesocarnivores, larger and more connected 

core natural areas within urban park systems may promote coexistence, especially for adaptable 

species like opossums and coyotes that tolerate high human density but favor areas with less 

human activity (Gamez & Harris, 2021; Rodriguez et al, 2021). Notably, Cabin John Regional 

Park, with its extensive interior zones and connectivity to larger natural patches, supported the 

highest coyote occupancy, while raccoons and foxes reached peak occupancy in highly urban 

parks without significant core areas, illustrating species-specific responses to urban habitat 

structure. Within this area of Maryland, parks are built within river systems and/or lower 

elevations and influenced by species-specific occupancy, particularly in late summer, potentially 

reflecting the placement of parks along river systems within the Maryland landscape. This 

indicated that species had higher occupancy probabilities at lower elevations. Parks such as GS, 
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RC, and SC feature major river corridors that align with high occupancy by multiple species. 

These patterns emphasized the importance of riparian zones as natural refuges within urban 

areas, as white-tailed deer and raccoons frequently utilize riparian habitats for foraging and 

shelter (Owen et al., 2015; McLinn and Russell, 2019). Similarly, red foxes have been 

documented with higher occupancy near water sources in past research (Hursh et al., 2023). 

Covariates related to human activity, such as trial density, distance to major roads, and 

building density, also affected species-specific occupancy. Trail and building densities 

emphasized how human-altered landscapes blend with wildlife ecology. Positive associations 

with trail density were observed for white-tailed deer, red foxes, raccoons, and gray squirrels, 

indicating that urban wildlife can use human-made corridors and green spaces for movement and 

foraging. For example, early-summer occupancy of red foxes, raccoons, and gray squirrels was 

highest in urban and suburban parks (e.g., SC, RC, CJ), demonstrating their ability to navigate 

and utilize human-dominated areas. Interestingly, distance to major roads initially had a positive 

impact on occupancy in early summer, suggesting avoidance of busy areas. By late summer, this 

effect diminished or reversed for some species, reflecting seasonal shifts in movement and space 

use. This pattern underscores the complex role of urban infrastructure as both a barrier and a 

landscape feature influencing wildlife distribution, especially during busy periods such as the 

pre-rut movements of white-tailed deer (Dechen et al., 2013; Roden-Reynolds et al., 2022). 

Interactions among wildlife communities in urban areas are shaped by human-altered 

landscapes. These interactions include competition, predation, facilitation, and shared responses 

to habitat variation, all of which can change as species adapt to specific habitat structures, the 

availability of natural and human-made food resources, and their ability to tolerate urban 

conditions (Theodorou 2022). Assessing residual correlations helps us infer potential community 
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dynamics related to urban features we did not or could not account for in our model. This 

includes covariates that were not considered or animal interactions that we could not observe. As 

expected, urbanization tends to favor generalist and disturbance-tolerant species like raccoons 

and foxes (Aronson et al. 2016; Parker and Nilon 2012), which are known to expand or shift 

their dietary niches in urban environments, thereby modifying intra- and interspecific 

interactions. The strongest and most consistent positive residual correlation was seen between 

red foxes and raccoons. This relationship aligns with their high presence in the same parks and 

their similar responses to covariates. It also reflects recent findings showing that human activity 

and urban structure can alter mesocarnivore co-occurrence patterns, causing species like foxes 

and coyotes to overlap more in space and resource use than they would in less developed 

landscapes (Gamez and Harris 2021). We also found positive associations between eastern 

cottontail rabbits and gray squirrels. While few studies explicitly explore the co-occurrence of 

these two species, recent work indicates they often occupy the same urban park sites at high rates 

(Hayes Hursh et al., 2023). Although cottontail detections in our study were relatively low, the 

species showed habitat relationships similar to those of gray squirrels, suggesting shared use of 

similar urban green-space features. Additionally, a consistently strong association was observed 

between red foxes and gray squirrels. This pattern may reflect how different species utilize 

space, as indicated by positive relationships with trail density or high occupancy in the same 

parks. It might also hint at some predator-prey interaction, although squirrels are not a primary 

food source for red foxes (Scholz et al., 2020).  

Overall, our results align with the growing body of urban ecology research showing that 

wildlife communities tend to prefer natural, well-connected habitats while avoiding areas of 

intense human activity (Lepczyk et al. 2017; Hayes Hursh et al. 2023; Collins & Gallo, 2024). 
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However, at the species level, our results reveal different patterns depending on human tolerance. 

Disturbance-tolerant species such as white-tailed deer, red foxes, raccoons, and gray squirrels 

showed high occupancy in areas with more trails and buildings and were found in urban parks 

with high human density, indicating that some mammals can easily utilize human-modified 

corridors. Species-level patterns also demonstrated clear ecological and behavioral differences 

across the gradient: residual co-occurrence patterns suggested shared habitat use among several 

mesopredators. These findings collectively reinforce broader urban ecology research, indicating 

that urbanization tends to favor communities dominated by generalists and highlight the 

importance of management strategies that preserve habitat connectivity and restore natural 

structures in increasingly urbanized counties. Importantly, these findings also underscore that 

wildlife responses are closely linked to the specific form of urbanization. Montgomery County 

represents a hybrid East Coast metropolitan landscape—characterized by fragmented forest 

patches, legacy riparian corridors, and dense suburban development—conditions that differ 

markedly from low-density horizontal sprawl. Based on our findings, further investigation into 

fine-scale city species covariates and the grouping of species into urbanophilic versus 

urbanophobic generalists is warranted. As urban landscapes influence the amount, configuration, 

and connectivity of habitat, wildlife communities respond not merely to “urbanization” but to the 

specific spatial structures through which a city has evolved. 

Future research should continue to refine our understanding of how wildlife communities 

respond to urban form across space and time. Because my current analysis covers one year of 

data, I plan to add an additional year of data (2024). This second year will consider temporal 

dynamics across years and assess whether species’ occupancy responses remain stable or 

fluctuate with summer variation. Additionally, expanding our analysis to classify species into 
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ecologically informed community groups, such as mesocarnivores, small mammals, or 

disturbance-tolerant generalists, will help clarify whether assemblages display consistent patterns 

of co-occurrence, habitat selection, and tolerance to humans. This community-level framework 

will strengthen our ability to link urban structure to multi-species responses and improve our 

capacity to forecast how changing urban landscapes influence wildlife distributions. 
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ABSTRACT 

Managing tick-borne diseases in urban environments presents challenges due to complex 

interactions between urban landscape structure, habitat suitability for questing ticks, and the 

population and movement of wildlife hosts. As tick-borne diseases continue to increase, 

understanding these dynamics in urban and suburban areas becomes increasingly important. This 

study was conducted across five parks in Montgomery County, Maryland, in 2023. Each park 

featured camera-trap arrays and tick-sampling transects, with two parks conducting small-

mammal trapping. For questing ticks, including Ixodes scapularis, Amblyomma americanum, and 

Dermacentor variabilis, and tested them for Borrelia burgdorferi, Babesia microti, or 

Anaplasma phagocytophilum tick-borne diseases. I estimated species distribution probabilities 

using a binomial GLMM with a stochastic partial differential equation (SPDE) spatial field. 

White-footed mouse (Peromyscus leucopus) density was modeled with a Bayesian spatially 

explicit capture–recapture (SECR) model. Mesocarnivore occupancy, such as raccoons (Procyon 

lotor), coyotes (Canis latrans), and red foxes (Vulpes vulpes), was assessed using a latent-

variable joint species distribution model (JSDM). White-tailed deer (Odocoileus virginianus) 

abundance was estimated via an N-mixture approach. In total, we collected 132 ticks across all 

parks in 2023. Point-biserial correlations indicated that tick probability was positively associated 

with disease presence (r = 0.53, p = 0.015). Other mammal variables, including small-mammal 

density, nymphal-season white-tailed deer abundance, red fox occupancy, and coyote occupancy, 

did not show significant associations with disease presence (all p > 0.18). Two GLMMs were run 

in inla on species covariate, one including raccoons and one including red fox because of their 

high correlation. Probability of tick occurrence again showed a positive relationship to sites with 

disease within in both models 1.30 (0.17–2.43, 95% CI) and 1.35 (0.23–2.5, 95% CI). It is worth 
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noting that 2023 was a relatively low-abundance year for host-seeking ticks, which limits the 

strength of the conclusions. Still, emerging patterns, such as the high likelihood of tick 

occurrence may indicate a system that has well quality tick habitat and well established host 

species which may influence local pathogen dynamics in fragmented urban landscapes. 

Collecting data over a second year and then conducting complete multivariate modeling will help 

refine these relationships and improve disease-risk predictions across Montgomery County. 

 

KEYWORDS 

 Ticks, tick-borne diseases, host dynamics, urban landscapes, tick management 

 

INTRODUCTION 

Vector-borne disease systems are increasingly affected by human-controlled 

environments, where human-made alterations to landscapes and climate impact the ecology of 

pathogens, vectors, and hosts. Among these, tick-borne diseases such as Lyme disease, 

Anaplasmosis, Babesiosis, tularemia, and Powassan virus disease pose a growing threat in the 

United States (CDC, 2024). Lyme disease, caused by the bacterium Borrelia burgdorferi, 

remains the most frequently diagnosed tick-borne disease in the country, with over 89,000 

confirmed cases in 2023 and an estimated annual infection rate of more than 470,000 people in 

2022 (CDC, 2024). Its rapid geographic expansion has been driven by habitat fragmentation, 

climate change, and rising host populations, all of which directly increase disease risk in new 

areas (Eisen & Eisen, 2016; Rodino et al., 2025). Notably, the two primary vectors for Lyme 

disease, the lone star tick (Amblyomma americanum) and black-legged tick (Ixodes scapularis), 

have significantly expanded their ranges and established populations in new states (Eisen & 
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Eisen, 2016Ti; Rodino et al., 2025). Despite these increasing cases of tick-borne diseases, 

managing and predicting the associated risks remains complicated by a complex web of 

interactions among wildlife communities, their available habitat, and human activity.  

Ticks display a complex three-host life cycle, needing a blood meal at each stage. 

Although they are external parasites that depend on host species, ticks spend most of their lives 

in the environment, where their survival heavily relies on ideal landscape conditions and 

microhabitats (Heylen et al., 2019; Duik-Wasser, VanAcker, and Fernandez, 2021; Johnson, 

2023). Many factors influence tick presence and survival across the landscape, including the 

composition and arrangement of forest patches, vegetation type, forest cover, patch size, 

connectivity, disturbances, and edge effects (Aronson et al., 2017; Carroll et al., 1992; Stafford 

III & Magnarelli, 1993; Rochlin et al., 2023). Forested areas, especially shaded edges with moist 

leaf litter, strongly support black-legged ticks (Ixodes scapularis and I.pacificus), which need 

cooler, more humid microhabitats (Carroll et al., 1992; Stafford III& Magnarelli, 1993; Duik-

Wasser, VanAcker, and Fernandez, 2021; Rochlin et al., 2023). In contrast, lone star ticks 

(Amblyomma americanum) and dog ticks (Dermacentor variabilis and D. similis) tolerate a 

broader range of temperatures, humidity levels, and habitat types (Carroll et al., 1992; Stafford 

III & Magnarelli, 1993; Duik-Wasser, VanAcker, and Fernandez, 2021; Rochlin et al., 2023). 

Therefore, choosing the target species has important management implications. Efforts to reduce 

I. scapularis populations may need to focus on forested patches—especially shaded edges with 

moist leaf litter—where this species thrives. Managing A. americanum, however, requires a 

broader, landscape-scale approach, since this species inhabits a wider range of habitats and 

tolerates greater environmental variation. Across all species, ticks spend most of their off-host 

phases in the environment, questing—climbing low vegetation in search of a host—and 
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retreating to moist leaf litter or soil if they fail to find one (Duik-Wasser, VanAcker, and 

Fernandez, 2021). The success of questing depends on the overlap of suitable habitat conditions, 

especially local temperature, humidity, and leaf litter, which help maintain the moisture levels 

necessary for survival (Tietjen et al., 2019; Duik-Wasser, VanAcker, and Fernandez, 2021). 

When ticks hatch from eggs into the larval stage, they are not yet infected with pathogens such as 

Borrelia burgdorferi, Babesia microti, or Anaplasma phagocytophilum, the two most common 

tick-borne diseases. Infection occurs through horizontal transmission when larvae or nymphs 

feed on infected hosts (Ostfeld et al., 2018; Heylen et al., 2019; Levin et al., 2021; Johnson, 

2023). 

While landscape structure influences where ticks can survive, the vertebrate host 

community also plays an equally important role in shaping detailed and large-scale patterns of 

tick abundance and pathogen transmission. Hosts contribute to tick-borne disease systems in 

several ways, such as feeding different tick life stages, maintaining pathogens, and altering 

community interactions that cascade through the system (Ostfeld et al. 2018). Because questing 

ticks seek hosts suitable for their life stage, the effect of host species depends on time and life 

stage. For larval and nymphal ticks, small mammals and birds are the primary hosts, often 

sharing the same host range as key pathogens, such as white-footed mice (Peromyscus leucopus), 

eastern chipmunks (Tamias striatus), and short-tailed shrews (Blarina brevicauda; Ostfeld et al. 

2018). The density of small mammals can influence the number of infected ticks, particularly 

white-footed mice, which are among the most effective reservoir species for the disease (Ostfeld 

et al. 2018; Heylen et al., 20). While we often focus on the direct effects of mammals as hosts, 

they can also indirectly impact disease dynamics through community interactions. For example, 

although predators may sometimes serve as hosts, predator community composition can also 
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affect tick abundance and disease risk by exerting pressure on prey species that are more likely to 

harbor ticks (Ostfeld et al., 2018). Functionally diverse predator communities, especially those 

including small-mammal predators like foxes, can lower pathogen prevalence by suppressing key 

reservoir hosts. Conversely, systems dominated by a single top predator, such as coyotes, may 

experience higher disease prevalence (Ostfeld et al., 2018). Regarding larger animals like white-

tailed deer, it is well established that, although they are not reservoir species, they are a crucial 

keystone species related to tick species such as Ixodes spp., as they play a vital role in sustaining 

the tick population through mating female ticks obtaining their final blood meal before laying 

eggs, and they also facilitate the movement of ticks into human-dominated areas (Rochlin et al. 

2025; Lilly et al. 2025). 

In urban landscapes, where residents often depend on manicured or semi-managed green 

spaces for outdoor recreation, the overlap among people, wildlife, and ticks creates concentrated 

opportunities for zoonotic disease transmission and increased interaction zones. In these settings, 

the prevalence and risk of tick-borne diseases result from the combined effects of wildlife 

community composition, landscape structure, and patterns of human use. Although empirical and 

theoretical research continues to explore how host communities influence tick abundance and 

infection rates, recent studies show that these processes are significantly affected by urban 

landscape configuration (Heylen et al., 2019; VanAcker et al., 2024). For instance, greenspace 

connectivity can reshape host groups, facilitating the movement of wide-ranging species such as 

white-tailed deer and altering small-mammal communities, thereby increasing both tick densities 

and pathogen transmission (Heylen et al., 2019; VanAcker et al., 2024). In this context, the 

often-discussed “dilution effect,” which suggests that higher biodiversity can lower disease risk 

by reducing encounters between ticks and competent reservoir hosts, is highly context-
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dependent. In urban systems, increasing host diversity does not automatically decrease disease 

risk because the functional roles, reservoir competence, and movement patterns of species, along 

with how each responds to landscape connectivity, determine whether risk increases or decreases 

(Heylen et al., 2019; VanAcker et al., 2024). Therefore, interactions between urban community 

composition and landscape connectivity can shape the spatial ecology of ticks and the pathogens 

they carry. 

Mammals are crucial to tick dispersal, pathogen transmission, and the maintenance of 

tick populations (Ostfeld et al., 2018; Heylen et al., 2019; VanAcker et al., 2024), yet the spatial 

complexity of urban and suburban environments—and how these settings influence mammal 

communities and movement—is still not well understood. These dynamics make it harder to 

predict and manage tick-borne disease risk. This study is an exploratory analysis based on a 

single nymphal season of infection, in which we examined white-tailed deer abundance, 

mesocarnivore presence, and tick infection rates to explore potential links between host species 

and disease risk. I believe that mammal community data, combined with landscape features, can 

effectively highlight current or emerging high-risk areas for tick exposure. Assessing how key 

landscape metrics influence tick-associated mammal communities provides a practical, scalable 

way to evaluate spatial tick risk in rapidly urbanizing regions. 

 

MATERIALS AND METHODS 

Study Area 

I conducted this study in five parks across Montgomery County, Maryland. Montgomery 

County is part of the greater Washington, D.C. metropolitan area, with about 1.1 million 

residents. We sampled five major parks within the county, including Rock Creek Regional 
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(686.3 acres), Sligo Creek (343 acres), Cabin John (513.8 acres), Upper Paint Branch (1208 

acres), and Great Seneca Park (854 acres) (Figure 1). I conducted tick sampling and camera 

trapping for medium- and large-sized mammals across all five parks. Small-mammal trapping 

was conducted only at Cabin John and Rock Creek Regional Parks due to the effort required to 

regularly monitor the trapping arrays. We chose parks for small mammal trapping based on their 

level of urbanization, with Rock Creek Regional Park, which borders D.C., and is connected to 

the National Rock Creek Park and Cabin John representing a highly suburbanized area.   

Tick Sampling 

A stratified-block random design was employed to randomly select sites based on three 

landscape categories from the literature: good, moderate, or poor tick habitats (Table 1; Figure 2; 

Horobik et al. 2006; Talbot et al. 2019; Duik-Wasser, VanAcker, and Fernandez, 2021; Ginsberg 

et al. 2021; Hummell et al., 2022; Morris et al. 2022). Ticks were sampled using tick drags made 

from 1-m² white denim sheets, attached to three 1-pound fishing weights and a PVC pipe 

(Salomon et al., 2020). These drags were pulled low across the landscape (< 0.3 m) to target 

questing ticks. Sampling occurred from March to October on sunny, humid days to include all 

tick life stages and improve detection rates (Hofmeester et al., 2017; Ginsberg et al., 2021; 

Morris et al. 2022). We used circle plots to establish overlapping sampling transects, a common 

approach in wildlife research (Rogers & Myers, 1980; McKelvey et al., 2006). Each circle had a 

200-meter diameter centered on a point, with six 200-meter line transects intersecting at the 

center and spaced 30 degrees apart (Figure 2) (0/360N, 30, 60, 90E, 120, 150, 180S, 210, 240, 

270W, 300, 330). To prevent sampling the same transects multiple times and to reflect the 

uneven distribution of ticks, three of the six 30-degree segments from each camera XY location 

were randomly selected in each sampling session, covering 600 meters of transects per visit—
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consistent with other studies (Rogers & Myers, 1980; Esser et al., 2019; Simpson et al., 2019; 

see camera methods below). Researchers walked the entire 200-meter transect, stopping every 10 

meters to collect ticks. When ticks were found, their numbers, along with drag and GPS 

coordinates, were recorded using a Garmin GPSMAP 64sx. Both nymph and adult stages of I. 

scapularis, A. americanum, and D. variabilis were counted, as these stages are most likely to 

feed on humans and transmit diseases (CDC, 2024). Pathogen testing via Q-PCR was conducted 

to detect Borrelia burgdorferi, Babesia microti, and Anaplasma phagocytophilum by Dr. Megan 

Fritz’s lab. Because 2023 was a low-tick year, native nymphs and adults were combined to 

estimate tick presence across the landscape. With more data, I would separate the results by 

species, nymph density, and infected nymph density.  

Small mammal trapping 

I trapped small mammals from 2022 to 2024 during June through August, but used only 

2023 trap data in this analysis to align with questing tick disease data. At both Cabin John and 

Rock Creek, I set up three trapping arrays, each with 50 Sherman live traps (3 x 3.5 x 9": 

5515AHD Non-Folding Live Capture Humane Squirrel Trap). The traps were arranged in a 100 

x 100 meter grid, consisting of five rows with 10 traps each, spaced 10 meters apart (Jones & 

Lindquist, 2012; Perez et al., 2016; Card et al., 2019; Ostfeld et al., 2018; Parsons et al., 2021). 

Trapping occurred for at least three consecutive nights once a month at each study site to 

estimate density through mark-recapture methods (Jones & Lindquist, 2012; Card et al., 2019; 

Parsons et al., 2021). When captured, small mammals were identified, measured 

morphologically, fitted with ear tags, checked for ticks, and tissue samples collected for disease 

testing. Larvae and tissue samples were tested for Borrelia burgdorferi, Babesia microti, and 

Anaplasma phagocytophilum. 
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Camera Array 

I used a random-point generator in ArcGIS to assign initial camera locations within park 

boundaries, ensuring points were 800-1,000 meters apart and no more than 10 cameras per park. 

I then evaluated these sites in the field to avoid bias from game trails or other signs that could 

influence camera encounters. In total, cameras were set in six parks, each with between six and 

nine cameras to measure species richness and diversity. For two parks where we trapped small 

mammals to estimate unmarked species density, I performed a power analysis based on 

preliminary deer and raccoon data collected during the first two months of camera deployment at 

Rock Creek Park to determine the optimal number of cameras needed. The analysis indicated 

that 25 cameras would strike a good balance between accuracy and logistical practicality. 

Overall, I installed 71 cameras approximately 1 meter above ground, programmed to take three 

bursts of photos at zero-second intervals, enabling continuous animal capture and easier species 

identification. These cameras operated year-round, covering the full 24-hour cycle (Rowcliffe et 

al., 2008; Ostfeld et al., 2018; Hofmeester et al., 2017). Monthly checks and maintenance were 

carried out. Initial data processing used Timelapse, an image analysis program for camera traps, 

to identify wildlife species (Greenberg, 2023). To prevent bias in occupancy modeling caused by 

animal movement, I limited data collection to 6-week periods in early and late summer (June-

July and August-September), coinciding with peak nymph activity in Maryland (Kollars et al., 

2000; Eisen 2025). Since we focused only on the peak nymphal stage, I subset the data to months 

overlapping the nymphal stage, i.e., early summer. To avoid double-counting animals across 

multiple cameras within the same sampling period, I randomly selected cameras approximately 1 

km apart and used data from those within this range. Across all iterations, the total number of 

camera sites ranged from 30 to 35 (Figure 1). 
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Tick Binomial GLMM 

For this analysis, I assessed the likelihood of native ticks across all five parks. I used a 

binomial generalized linear mixed model (GLMM) with a stochastic partial differential equation 

(SPDE) to incorporate a continuous spatial field in this species distribution model. For this 

model, I included data from all walk survey transect segments to create a binary response 

variable indicating whether a tick was observed. Spatial autocorrelation was modeled using a 

continuous Gaussian random field implemented through the SPDE approach as a random effect, 

and a temporal random effect was added via month. We describe our GLMM-SPDE model as 

(see chapter 2 for full model explanation). 

SECR White-footed Mice 

To estimate white-footed mouse (Peromyscus leucopus) density, we used a spatially 

explicit capture–recapture (SECR) with NimbleSCR within the Nimble framework (de Valpine 

et al., 2017; NimbleSCR v1.0). SECR analyses were conducted for the June, July, and August 

2023 trapping sessions as a single dataset. Since Sherman trap locations were unevenly spaced, 

with multiple instances of several traps spaced close together, we used an inhomogeneous point 

process (IPP) model to describe both detection and individual activity centers. While the baseline 

detection intensity may vary spatially due to landscape features, sampling effort, or detector 

efficiency, it depends on the overlap between detectors and animals' home ranges. Thus, spatial 

heterogeneity in detection was best accommodated by modeling baseline detection intensity as a 

IPP following a log-linear function of covariates defined over discrete detection windows. 

Detection covariates included the number of traps per detection window, and standard SECR 

capture history procedures were used to describe observations of individual mice (Jones & 

Lindquist, 2012; Perez et al., 2016; Card et al., 2019; Ostfeld et al., 2018; Parsons et al., 2021). 

Each of the six study arrays was represented by a spatial habitat grid aligned with environmental 
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covariates (e.g., forest cover, elevation, edge density). For each array, we estimated cell-specific 

intensity values (without a regression intercept), which were then used to derive trap-specific 

density estimates. This method enabled fine-scale spatial predictions of mouse density based on 

habitat features across the study area (Zhang et al., 2023). Model parameters were estimated 

using a Markov Chain Monte Carlo (MCMC) approach with three chains, each running for 

20,000 iterations. The first 15,000 iterations were discarded as burn-in, and we kept every 8th 

sample. 

Mesocarnivores Joint Species Distribution Model  

To estimate the occupancy of individual species and the mesocarnivore community 

which included coyotes, red fox and opossum, I fitted a multi-species occupancy model, also 

known as a joint species distribution model (JSDM), with imperfect detection using the Bayesian 

spOccuancy package in R (Doser et al., 2022). Estimates where not transformed into odds ratio, 

but kept as estimate means for prediction maps and final model. (See chapter 3 for full model 

description) 

White-Tail Deer N-Mixture Model 

Because of a significantly higher abundance and detection rate, we modeled white-tailed 

deer (Odocoileus virginianus) distributions using an N-mixture model (Keever et al., 2017; 

Madsen and Royle 2023) to estimate relative abundance. N-mixture models estimate the relative 

abundance of a species while accounting for imperfect detection using repeated count data. I fit 

the N-mixture model using the ubms package in R (Kellner et al., 2021; R Core Team, 2023). 

Camera-trap data for deer were collected across all five parks, and a daily maximum count per 

station was calculated. Dates or hours with no detections were filled in with zeros to ensure a 
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complete observation history. To reduce spatial autocorrelation, cameras were filtered to retain 

only one per 1-km grid cell, as in mesocarnivore occupancy models.  

Deer abundance was modeled using an N-mixture model, which assumes that the 

observed count at site j during sampling occasion t arises from imperfect detection of a latent 

true abundance. Specifically, observed counts were assumed to follow a binomial distribution: 

𝑌𝑌𝑗𝑗𝑗𝑗 ~ 𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵 (𝑁𝑁𝑗𝑗𝑝𝑝𝑗𝑗𝑗𝑗) 

where 𝑌𝑌𝑗𝑗𝑗𝑗 is the observed count at site j and occasion t, 𝑁𝑁𝑗𝑗 is the latent true abundance at site j, 

and 𝑝𝑝𝑗𝑗𝑗𝑗 is the detection probability. 

𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙�𝑝𝑝𝑗𝑗𝑗𝑗� =  𝑤𝑤𝑗𝑗𝑗𝑗𝛼𝛼 

  

Where 𝒘𝒘𝒋𝒋𝒋𝒋 is a vector of detection covariates (e.g., sampling effort or day of survey) and 𝛼𝛼 are 

the associated coefficients. Therefore the latent abundance was modeled as a Poisson process: 

𝑁𝑁𝑗𝑗~ 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃(𝜆𝜆𝑗𝑗) 

With expected abundance modeled as a log-linear function of site-level covariates and a random 

effect for park: 

log�𝜆𝜆𝑗𝑗� = 𝑋𝑋𝑗𝑗𝛽𝛽 + 𝜀𝜀𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 

The model was fitted using the stan_pcount function from the ubms package (Kellner et al 2021). 

Ten independent datasets from randomly sampled camera subsets were modeled separately, and 

posterior estimates were averaged across iterations to yield final site-level abundance estimates. 

The model was fit with the default MCMC chains, which is four chains, 2,000 iterations, and 

burn in of 1,000 from ubms and normal-distribution priors with mean 0 and sd = 2. 

Landscape Covariates 
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I created five variables to describe species interactions with urban landscapes broadly and 

included them in each model: trail density, forest proportion, building density, edge density, and 

elevation. The proportions of forest, elevation, and edge density were intended to capture core 

forested areas and habitat corridors essential to ticks and small mammals. While edge density 

primarily indicates landscape fragmentation, it can also reflect edge habitats that are valuable to 

species such as white-footed mice (Peromyscus leucopus) and ticks such as Amblyomma 

americanum (Duik-Wasser, VanAcker, and Fernandez, 2021; Hummell et al., 2022). Trail and 

building densities were incorporated to represent urban components and human activity. I 

generated these covariates in AcrPro© and FragStats using 1-meter resolution land cover data 

from the 2021-2022 Chesapeake High-Resolution raster (CBPO 2022). I obtained TIGER/Line 

census road and trail data, as well as elevation data, from the MD iMAP Data Catalog (Eastern 

Shore Regional GIS Cooperative, 2018; Maryland LiDAR Statewide-DEM, MD iMAP Data). To 

account for local topography, I normalized elevation values within each park using its minimum 

and maximum elevations, ensuring the covariate reflected local variation instead of regional 

differences. Trail locations were obtained from the MNCPPC Montgomery County Data 

Catalog, and building locations from the Federal Emergency Management Agency USA (FEMA, 

2025). I calculated edge density for forest patches using FragStats to measure landscape 

fragmentation (McGarigal et al., 2023). 

All covariates were initially available at 10 x 10 meters. For the tick model, I averaged 

covariate values within a 50-meter moving window, which covers half the tick transect and 

captures microhabitat details accessible to ticks and mice. For the mouse model, I used a 60-

meter focal window, approximating the typical mouse home range (Hummell et al., 2022). For 

mesocarnivores and white-tailed deer, I averaged covariates within approximately 700 meters to 
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reflect the broader habitat selection and movement scales of these larger mammals. Before 

modeling, I z-scaled all covariates, which results in covariate values with a mean of zero and a 

standard deviation of 1 to facilitate comparison of effect sizes across predictors. 

Correlation with Disease 

 Coefficient estimates from each model were extracted and back-transformed into 

prediction maps in ArcGIS. For the white-footed mouse SECR model and the white-tailed deer 

N-mixture abundance model, we used the exponent of the betas to obtain expected counts. For 

the mesocarnivore and tick probability models, all continuous covariates were standardized (z-

scaled) prior to model fitting; therefore, posterior regression coefficients represent effects on the 

standardized covariate scale. Predictions of occupancy probability were obtained by applying the 

inverse logit transformation to the linear predictor. When interpreting covariate effects on the 

original scale, regression coefficients were back-transformed by relating a one–standard 

deviation change in the standardized covariate to the corresponding change in occupancy 

probability. Raster prediction maps were generated using the posterior mean of the linear 

predictor, with uncertainty summarized from the posterior distribution. 

Because this analysis relies on a single nymphal season—and a relatively low-tick year—

I initially summarized disease status at the site level. Sites were assigned a value of 1 if at least 

one infected tick was detected and 0 if none were found, offering a general indicator of disease 

presence. I then examined the relationships between site-level disease presence and the estimated 

abundances or occupancy probabilities of each mammal species included in the study. To 

quantify these relationships, I used a point-biserial correlation test, which is suitable for 

evaluating associations between a binary variable (disease presence/absence) and continuous 

predictors (density, occupancy, and abundance). The point-biserial correlation formula is a 
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simplified version of the Pearson correlation coefficient. Point-biserial correlation coefficients 

were calculated using the psych package in R (Revelle, 2023). Statistical significance was 

assessed with two-sample t-tests, which provided p-values for the point-biserial correlations. 

After the correlation analysis, I also fit two simple GLMMs in INLA, separating raccoons and 

foxes as highly correlated covariates. The response variable was disease presence (0/1) and the 

covariates included estimates from all species. Park included as a random effect to further 

evaluate the overall strength and direction of each species–disease relationship. 

RESULTS 

Tick 

I collected a total of 432 native ticks in this study. In 2023, I collected 132 ticks, 

including 92 I. scapularis, 30 A. americanum, and 10 D. variabilis. By location, I gathered 115 

ticks at CJR, 3 at RCR, 3 at SCS, 8 at GSP, and 3 at UPB. Out of all the ticks collected, 26 tested 

positive for disease, meaning they carried at least one pathogen. Among these, two ticks had co-

infections with Borrelia burgdorferi and Anaplasma phagocytophilum. Overall, 24 detections of 

tick-borne pathogens were recorded, consisting of 10 B. burgdorferi, 6 A. phagocytophilum, and 

8 Babesia microti. 

Posterior mean estimates and 95% credible intervals for beta coefficients indicated that 

the proportion of forest had a positive relationship with the probability of ticks on the landscape, 

at 0.39 (0.12–0.65, 95% CI). Elevation also showed a positive relationship with the likelihood of 

ticks across the landscape, with an odds ratio of 0.41 (0.12–0.69, 95% CI). In contrast, edge 

density showed a negative association, at -0.20 (-0.46–0.07, 95% CI). Building density and trail 

proximity were largely uninformative, at -0.08 (-0.34–0.18, 95% CI) and -0.02 (-0.30–0.26, 95% 

CI), respectively, because their credible intervals included zero (Table 1). 
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White-footed Mice 

In 2023, a total of 42 white-footed mice were captured in Cabin John Park, and 117 

individuals were captured in Rock Creek Regional Park. Among individuals with the disease, 28 

(about 66.6%) carried B. burgdorferi.  For Rock Creek Regional Park, only one mouse was 

found to have B. burgdorferi. SECR model coefficient estimates indicated that several landscape 

covariates influenced mouse abundance (Table 2). Edge density showed a strong positive 

association with mouse abundance, at 0.66 (0.43–0.96, 95% CI). The proportion of forest was 

also positively associated with density, at 0.16 (0.03–0.29, 95% CI). Trail density was slightly 

negative, at -0.02 (-0.30–0.26, 95% CI), as was building density, at -0.20 (-0.46–0.06, 95% CI), 

with credible intervals overlapping zero, indicating weak or uncertain effects. Elevation had a 

slight negative effect, at -0.08 (-0.56–0.38, 95% CI) (Table 2). 

Mesocarnivores 

The mean probability of mesocarnivore occupancy at an average site was 0.39 (0.07–

0.84, 95% CI), with a mean detection probability of 0.74 (0.18–0.97, 95% CI). Community-level 

covariates generally had positive effects on occupancy, though their strength varied across 

species, highlighting both interspecies differences and uncertainty in individual estimates. Edge 

density had a moderate positive relationship with occupancy, 0.90 (−1.28 to 3.06, 95% CI), as 

did building density, 0.66 (−1.52 to 2.81, 95% CI), though not significant. The proportion of 

forest cover showed the strongest positive association among the covariates, at 1.22 (−0.90 to 

3.30, 95% CI) (Table 3). 

When assessing species-specific occupancy at an average site, red foxes had an estimated 

probability of 0.42 (0.09–0.85, 95% CI), coyotes 0.16 (0.01–0.72, 95% CI), and raccoons 0.54 

(0.12–0.93, 95% CI). Detection probabilities at an average site were generally high, with red 
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foxes detected 0.86 (0.24–0.99, 95% CI) of the time, coyotes 0.78 (0.03–0.99, 95% CI), and 

raccoons 0.76 (0.18–0.97, 95% CI). For red foxes, occupancy was positively associated with 

edge density 1.25 (-1.00–3.63, 95% CI), building density 0.90 (-1.39–3.33, 95% CI), proportion 

of forest 1.08 (-0.98–3.23, 95% CI), and elevation 0.94 (-0.37–2.61, 95% CI), although the 

credible intervals overlapped zero, indicating uncertainty in the strength of these effects. Coyote 

occupancy showed weaker and less specific links, with forest cover 1.83 (-0.56–5.34, 95% CI) 

and edge density 0.69 (-1.76–3.12, 95% CI). Raccoon occupancy was positively associated with 

edge density 1.25 (-1.11–3.90, 95% CI), forest cover 1.60 (-0.59–4.28, 95% CI), and elevation 

1.11 (-0.40–3.14, 95% CI), again with wide credible intervals indicating uncertainty in the 

magnitude of these effects (Table 4). 

White-tail Deer  

White-tailed deer early-season abundance showed weak or no strong connections with 

landscape covariates. Building density was slightly negatively correlated at −0.31 (−0.63–0.01, 

95% CI), edge density had a weak positive association of 0.24 (−0.23-0.76, 95% CI), the 

proportion of forest was slightly negatively related at −0.14 (−0.55-0.28, 95% CI), and trail 

density displayed a weak positive effect of 0.18 (−0.06–0.46, 95% CI).  

Correlation with Disease 

Tick probability of occurrence was significantly positively associated with disease 

presence (r = 0.53, p = 0.015). Other mammal variables, white-tailed deer abundance, red fox 

occupancy, and raccoon occupancy, had some positive correlation but were not significantly 

associated with disease presence (all p > 0.12), whereas mouse density and coyote occupancy has 

a negative correlation but not significant (Table 7). 

GLMM Models 
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Tick probability had a strong positive effect on presence of disease, for both GLMM 

models with the 95% credible interval well above zero, 1.6 (0.342–2.8, 95% CI) and 1.5 (0.32–

2.6, 95% CI) indicating a robust association with disease occurrence. Other positive relationship 

is that of white-tail deer for both models 1.5 (0.136–2.9, 95% CI) and 1.47 (0.12–2.83 , 95% CI) 

(Table 8). 

DISCUSSION  

When comparing covariate effects across species, we identified consistent ecological 

patterns that align with established species–habitat relationships. Tick occurrence was strongly 

linked to forested habitats, which offer stable microclimates and higher humidity, both essential 

for tick survival. Many studies have shown that forested areas, especially mixed deciduous 

forests, support significantly higher tick abundance and diversity than open or non-forested areas 

(Allan et al., 2003; Bourdin et al., 2023). Mixed forests are a common habitat type in our study 

region and likely contribute to these patterns. Ticks were less likely to occur with increasing 

building and edge density, suggesting larger-scale effects of habitat fragmentation and forest 

patch size, which are known to greatly influence tick habitat suitability (Diuk-Wasser et al., 

2021).  In more urbanized areas, changes in forest cover and configuration are often driven by 

development, land-use change, and human recreation, which can reduce contiguous forest 

patches and alter microhabitats. These urban-driven alterations may therefore directly influence 

both tick and small mammal distributions by modifying habitat quality, connectivity, and 

microclimatic conditions. 

As expected, tick abundance was positively correlated with disease incidence. However, 

the processes driving disease and host abundance are primarily determined by the wildlife 

species themselves. High tick abundance often coincides with areas of high host densities and 
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microhabitats that support tick survival. This relationship is especially important because these 

disease systems are horizontally transmitted, meaning ticks must feed on a host to complete their 

life cycle (Ostfeld et al., 2018; Heylen et al., 2019; Levin et al., 2021). White-footed mice select 

habitats based on a combination of abundant food resources, such as seeds and understory 

vegetation, and low predation risk, which together support high local mouse densities (LaDeau et 

al., 2015). In our study, mouse density was positively associated with forest cover and edge 

habitat, while mice tended to avoid more human-dominated areas, such as dense trails or 

buildings. This aligns with previous research showing that white-footed mice thrive in forest 

patches and occupy habitats along the edge–interior gradient (Hummell et al., 2022). Although 

some covariates overlap with tick habitats, our correlation and univariate analyses showed a 

weak, non-significant negative relationship between mouse density and tick-borne disease 

occurrence. This finding is consistent with other studies suggesting that tick disease prevalence is 

not always strongly affected by mouse density when both ticks and mice are present (Kiran et al., 

2024). However, in our case, this apparent lack of association may reflect limitations in the 

dataset rather than an actual ecological absence. 

For more mobile wildlife, such as mesocarnivores and white-tailed deer, we observed 

clear interactions with human-dominated spaces. White-tailed deer have been documented using 

human corridors and urban greenspace networks, moving through parks, residential areas, and 

trail systems when connectivity allows (Lilly et al., 2025). In our study, deer abundance showed 

positive associations with both edge density and trail density, patterns that likely reflect multiple 

ecological processes. Deer are frequently described as an edge-associated species. In suburban 

landscapes, they selectively use human-modified spaces such as lawns and residential clearings, 

especially during early summer, for foraging and movement (Roden-Reynolds et al., 2022). 
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Meanwhile, the positive effect of forest cover aligns with broader patterns indicating that deer 

still depend on connected forest patches within urban areas for cover, refuge, and movement 

pathways (Lilly et al., 2025). White-tailed deer did show a positive associate with disease within 

the glmms, likely because deer density has been linked to high tick abundance (Kilpatrick et al., 

2014; Lilly et al., 2025), suggesting that areas with more deer can support larger tick populations 

by providing ample hosts for blood meals and mating, which may also influence local disease 

risk. 

What is particularly notable is that raccoons and foxes appear to share habitat, and 

therefore have a shared negative relationship with disease at a site. Both species can be 

considered predators for small mammals, specifically red fox, which could be why there is some 

negative relationship within the glmm (Dell’Arte et al, 2007). Another potential reason is that 

this species is described as a dilution species (Ostfeld et al., 2018). However, raccoons have been 

found to carry multiple tick-borne pathogens and are proposed as potential reservoir hosts in 

some systems (Yabsley et al., 2008; Heyse et al., 2025). However, in our dataset, it is not yet 

clear whether raccoons directly contribute to pathogen prevalence, serve as key hosts for early-

season nymphs, or are important predators of small mammals. Additional host-focused sampling 

would be needed to distinguish among these possibilities. Mesocarnivores exhibited habitat 

associations broadly similar to white-tailed deer, with raccoons and red foxes showing positive 

associations with edge density, building density, and forest cover. Coyotes, on the other hand, 

showed lower occupancy in areas with higher building density, reflecting their more cautious use 

of space around human activity. Raccoons are well documented as users of human-dominated 

environments, and what stands out in our multispecies occupancy model is the strong positive 

spatial correlation between raccoons and red foxes (Table 5; Rodriguez et al., 2021). Although 
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red foxes are often characterized as urban adapters that exploit anthropogenic foods, some 

studies indicate that foxes can avoid dense human activity and instead prefer parkland or semi-

natural habitats (Kobryn et al., 2023). This duality may help explain the positive relationship 

with the proportion of forest in our study, while their concurrent positive associations with 

human-related covariates suggest that foxes in this region have flexible, synanthropic tendencies 

similar to raccoons. 

This initial study focused on identifying broad ecological trends linking wildlife 

communities, landscape structure, and tick-borne diseases. Although this initial analysis used a 

limited dataset due to data processing timelines, our research will expand both the temporal and 

biological scope once the data is prepared. First, I will include an additional year of sampling to 

better capture inter annual variability, which is especially important in disease ecology where 

host–vector–pathogen interactions often require multiple seasons to detect consistent patterns. 

Evidence of this is seen in our second year of tick sampling, where we more than doubled the 

number of collected nymphs to 300. I also plan to include infection status for white-footed mice 

and the larval ticks collected from them, providing a more direct measure of reservoir 

competence and enabling us to evaluate host–vector transmission pathways more precisely. 

Additionally, I will incorporate a more comprehensive set of urban environmental predictors into 

multivariate regression frameworks and apply formal model-selection procedures to distinguish 

species that meaningfully contribute to disease dynamics from those that do not. For example, 

initial results suggest that coyotes may have limited influence on pathogen prevalence, possibly 

because they are underrepresented at our tick sites or tend to avoid edge habitats. Together, these 

steps will help create a more refined model, reduce uncertainty, and more accurately identify the 
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wildlife and landscape drivers that shape tick-borne disease risk across urban and suburban 

parks. 

Modeling the dynamics of tick-borne diseases in urban areas is complex because multiple 

interacting ecological processes vary across spatial scales. The interaction among ticks, their host 

species, pathogen transmission, and landscape structure creates challenges in deciding which 

aspects of the system to focus on in models. Urban environments add extra complexity because 

of the heterogeneity of green spaces, their connectivity, and the level of human activity around 

them. Highly connected urban greenspaces can help the movement of various host species, 

affecting both tick numbers and pathogen prevalence, while isolated or fragmented patches may 

limit host availability but still support local pathogen cycles (Heylen et al., 2019; Duik-Wasser et 

al., 2021; VanAcker et al., 2024). Additionally, small-scale differences in microclimate, 

vegetation, and patch quality influence tick survival and activity, resulting in spatially uneven 

disease risk (Heylen et al., 2019; Duik-Wasser et al., 2021). Land-use changes and habitat 

fragmentation further alter host communities and pathogen transmission networks, emphasizing 

the need for models that include landscape connectivity, habitat diversity, and host community 

interactions when evaluating urban tick-borne disease risk (Diuk-Wasser et al., 2021). In this 

study, we attempt to identify correlations among these factors; however, limited data mean some 

relationships are still emerging, and predictions may be weak or uncertain.  
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Chapter 5: Conclusion 

Each chapter represents a small part of a larger, complex web of vector-borne disease 

dynamics. The ecology of ticks and tick-borne diseases is inherently complex, shaped by 

interacting processes that include landscape structure, the life-stage–specific behavior of 

questing ticks, and the roles of multiple wildlife host species in pathogen maintenance and 

spread. This complexity is further amplified by ever-changing human-dominated environmental 

factors, such as climate change, forest fragmentation, and the degradation of natural areas driven 

by population growth. In this dissertation, I sought to analyze components of the tick-borne 

disease system by highlighting major drivers, including how best to model ticks across the 

landscape, which wildlife species are present in human-dominated spaces, and how wildlife and 

ticks influence disease prevalence.  

In Chapter 1, I evaluated multiple approaches to modeling the distribution of Ixodes 

scapularis to identify methods best suited for fine-scale tick risk prediction across heterogeneous 

landscapes. No single model emerged as universally superior; instead, each offered distinct 

strengths relevant to tick management. MaxEnt effectively identified potential tick habitat and 

provided high sensitivity, making it useful for ensuring that potential hotspots are not 

overlooked. However, its performance was highly dependent on background selection and 

default settings, and it tended to overpredict in urban and suburban environments. In contrast, 

binomial SPDE-GLMMs explicitly incorporated non-detections and spatial dependence, yielding 

more ecologically interpretable predictions that balanced sensitivity and specificity, captured 

microhabitat variation, and enabled direct inference of landscape covariates such as forest cover 

and soil type. From a management perspective, integrating field-informed sampling designs with 

spatially explicit models yields robust, realistic predictions for surveillance and intervention. 



83 
 

Overall, SPDE-GLMMs offered the greatest flexibility and interpretability for fine-scale tick risk 

mapping, while MaxEnt remains a valuable complementary tool for presence-only comparisons. 

In Chapter 2, I evaluated wildlife community preferences in human-dominated 

landscapes and found that, consistent with urban ecology theory, communities generally 

preferred natural, well-connected habitats and avoided areas of intense human activity. Species-

level responses, however, varied along a gradient of human tolerance: disturbance-tolerant 

species such as white-tailed deer, red foxes, raccoons, and gray squirrels exhibited high 

occupancy in areas with greater trail density and built infrastructure, indicating an ability to 

exploit human-modified corridors within urban parks. Residual co-occurrence patterns further 

revealed shared habitat use among several mesopredators, highlighting ecological and behavioral 

structuring within communities. Collectively, these results support the broader pattern that 

urbanization tends to favor generalist species while emphasizing the importance of preserving 

habitat connectivity and natural structure in urbanizing regions. Importantly, wildlife responses 

reflected the specific form of urbanization present in Montgomery County, Maryland, a 

fragmented, forest-embedded suburban matrix, suggesting that species respond not simply to 

urbanization but to the spatial configuration through which cities develop. These findings 

underscore the value of community-level approaches for understanding and managing wildlife in 

rapidly urbanizing landscapes and motivate future work incorporating additional temporal data 

and ecologically informed species groupings to better predict multi-species responses to urban 

form. From these results, more targeted management can be applied to areas that may have a 

higher likelihood of occupancy by specific communities. In relation to tick-borne diseases, parks 

or landscapes with higher connectivity and therefore broader use by multiple species can be well 

suited for host-targeted treatment.  
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For my final chapter, I conducted an initial investigation into patterns that may influence 

the presence of three tick-borne pathogens. I focused on the nymphal season of a single year, as 

nymphs are the primary life stage that transmit disease. To do this, I modeled each major 

component contributing to tick disease dynamics, including tick occurrence, mesopredator 

occupancy, white-footed mouse density and infection, and white-tailed deer abundance, to assess 

their relative influence on pathogen prevalence across the study landscape. Although this initial 

analysis was constrained by limited temporal and biological data, it revealed emerging patterns 

consistent with existing literature on tick-borne disease. For example, within individual models, 

urban landscapes drove occurrence for all species, including ticks, mesopredators, white-footed 

mice, and white-tailed deer, supporting microclimates that influence small-scale species, whereas 

landscape connectivity influenced the dispersal of medium- to large-scale species. Within 

species–disease relationships, the presence or high probability of tick occupancy indicated a 

higher likelihood of disease. Although some relationships remained uncertain due to data 

limitations, the results underscored the necessity of multivariate, spatially explicit modeling 

approaches that account for host–vector–landscape interactions rather than single-species or 

single-factor effects. As additional years of sampling, infection-status data, and expanded urban 

covariates are incorporated, this framework will allow for more refined inference, reduced 

uncertainty, and improved identification of the wildlife and landscape drivers that govern tick-

borne disease risk across urban and suburban parks. 

The goal of this dissertation was to evaluate the patterns that influence ticks and tick-

borne diseases at a localized scale, with scale emerging as a central and unifying theme 

throughout the work. Scale was carefully considered in response to common criticisms of tick 

and disease ecology studies that emphasize broad geographic patterns while overlooking 
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microclimates and park-level processes that are often more actionable for management. While 

understanding regional range expansion and large-scale disease dynamics remains essential, 

localized management is critical for identifying and mitigating hotspots in areas of high human 

exposure. In this dissertation, particularly in Chapter 2, I developed models capable of 

identifying tick hotspots at a fine spatial resolution (1 m²) within park systems. These findings 

demonstrate that when appropriate data are available and when sampling is designed with scale 

in mind researchers can directly inform management by identifying precise locations for 

intervention. This is especially relevant given that most tick management strategies rely on 

targeted actions, either by directly reducing tick abundance or by managing host species within 

park landscapes. 

The importance of fine-scale inference is further highlighted through host dynamics 

explored in Chapter 3. In this chapter, patterns such as the proportion and configuration of 

natural space influenced wildlife host communities, suggesting that urban landscape structure 

can alter movement pathways, connectivity, and interaction rates among hosts. These changes, in 

turn, shape tick populations and pathogen dynamics across urban park systems. By identifying 

areas of high host abundance and potential dispersal pathways that overlap with tick hotspots, 

this work begins to integrate the ecological components of a complex disease system at a scale 

relevant for localized management. These insights form the foundation for the integrative 

framework presented in the final chapter, where ticks, hosts, and landscape structure are 

considered jointly in the context of disease risk. 

Collectively, this dissertation demonstrates that in complex tick-borne disease systems—

where landscape patterns, questing ticks, host species, and human interactions intersect—scale is 

not merely a methodological choice, but a determinant of ecological inference and management 



86 
 

relevance. Through the dissemination of this work, I aim to integrate fine-scale ecological 

information within highly urbanized environments to reduce disease risk and directly inform 

management decisions, particularly within an integrated pest management framework for ticks 

and wildlife. By working at this resolution, this research bridges the gap between ecological 

theory and practical application, offering a transferable framework for assessing tick and tick-

borne disease risk in urban environments where human–wildlife interactions are most frequent. 

Ultimately, these findings underscore the value of localized, data-driven approaches for 

understanding complex disease systems and support the development of targeted, adaptive 

management strategies that can be scaled to meet varying risk and management priorities. 
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Tables 
 

CHAPTER 2: TABLES 

Table 1. The rule set for classifying quality tick habitat and landscape bins for Habitat Types. 
Land cover was obtained from the 2017-2018 Chesapeake High-Resolution raster (CBPO 2022); 
1-meter^2 pixels from a 100-meter buffer around each camera, extracted using Mask and Zonal 
Histogram. Tick sites were randomly chosen based on habitat quality, focusing on areas 
considered the best habitats for ticks. The selection breakdown is as follows: five good-habitat 
quality cameras to target locations most likely to have ticks, three moderate-habitat quality 
cameras, and two low-habitat-quality cameras that would be sampled for questing ticks (Talbot 
et al. 2019; O’Keefe et al. 2022). We selected good and moderate tick habitats within the parks 
that had three sampling sites, depending on availability.  
 
Classification for Habitat Types 
Good 
Ticks 

Forested areas 
(not including 
wetlands) is  ≥ 
70% 

Forested are  ≥ 50% AND 
Herbaceous/Scrub/Shrub (not 
wetlands) is = 20%-50% 

Impervious 
Surface/Water/Boundaries ˂ 
10% 

Moderate 
Ticks 

Forested areas 
(not including 
wetlands) is  ≥ 
50-60% 

Forest are  ≥ 40% AND 
Herbaceous/Scrub/Shrub (not 
including wetlands) is ≥ 10-20% 

Impervious 
Surface/Water/Boundaries ˂ 
10% 

Low 
Ticks 

Wetland Forest 
AND Wetland 
Scrub/Shrub ≥ 
20%-30% 

Edge (Turf Grass)  
≥ 60% 

Impervious 
Surface/Water/Boundaries ≥ 
10% 
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Table 2. Landscape covariate in tick Species Distribution Models. Covariates were developed 
for Montgomery, Prince George, Howard and Fredrick County in Maryland, and Washington 
DC. Land cover was retrieved from the 2017-2018 Chesapeake High-Resolution raster (CBPO 
2022). River data was collected from the 2024 National Hydrography Dataset. Soil was collected 
from the 2019 Soil Survey Geographic Database (SSURGO). 

Landscape Categories 
Category Data Created Data Type 
Proportion Forest Reclassified forest, harvested forest, 

other forest. Focal statistic for 
proportion 

Continuous Raster 

Distance to nearest 
River 

Euclidean distance to the river 
polyline 

Continuous Raster 

Soil Type Reclassified based on Soil Name Categorical Raster 
Edge Density Calculated using proportion of forest 

vs. open land covers 
Continuous Raster 

Interspersion and 
Juxtaposition  

Calculated using proportion of forest 
vs. open land covers 

Continuous Raster 
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Table 3: Average performance for Maximum Entropy (MaxEnt), Log Gaussian Cox Process 
(LGCP-GLMM) and Binomial-GLMM, using proportion of forest, edge density, distance to 
river, interspersion and juxtaposition, and soil type as covariates. 5-fold cross-validation was 
calculated to assess model performance. Model assessment metrics included Area Under the 
Curve (AUC), Continuous Boyce Index (CBI), Sensitivity, and Specificity.  

 

 

  

Model  AUC Std CBI Sensitivity  Specificity 
Maxent 0.76 0.04 0.95 0.65 0.68 

LGCP 0.77 0.03 0.75 0.54 0.68 

Binomial 0.85 0.04 0.99 0.52 0.75 
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Table 4. Covariate estimates and contribution per model. Maximum Entropy (MaxEnt) evaluates 
variables with a Jackknife approach, percent contribution, and permutation importance. The 
GLMM models' beta estimates, standard deviations, and confidence intervals were extracted and 
assessed for variable importance. The data collected for ticks spans from 2023 to 2022. Land 
cover data was retrieved from the 2017-2018 Chesapeake High-Resolution raster, river data was 
obtained from the 2024 National Hydrography Dataset, and soil data was sourced from the 2019 
Soil Survey Geographic Database (SSURGO).Soil type includes channery silt loam, decomposed 
plant matter (D.P.M), loam, silt loam, and urban land 

MaxEnt 
Variable Percent Contribution Permutation Importance 
Proportion Forest 46.2 22.9 
Soil Type 18.3 13 
Interspersion 13.5 17.3 
Edge Density 10.7 30.3 
Distance to River 11.4 16.4 
LGCP SPDE GLMM 
  Mean  SD 0.025 0.975 
Intercept -3.70 0.51 -4.71 -2.7 
Channery Silt Loam -0.29 0.48 -1.24 0.65 

D.P.M -0.78 0.53 -1.83 0.27 
Loam -0.95 0.81 -2.53 0.63 
Silt loam -0.64 0.50 -1.61 0.33 
Urban land -0.78 0.84 -2.43 0.86 
Interspersion -0.19 0.16 -0.51 0.13 
Proportion Forest 0.41 0.20 0.01 0.81 
Edge Density -0.70 0.26 -1.23 -0.17 
Distance to River -0.28 0.25 -0.78 0.21 
Binomial SPDE GLMM 
Intercept -0.27 0.98 -2.2 1.65 
Channery Silt Loam 0.62 0.54 -0.44 1.67 

D.P.M 0.03 0.57 -1.2 1.15 
Loam -0.62 0.84 -2.26 1.03 
Silt loam 0.14 0.55 -0.94 1.21 
Urban land -0.44 0.88 -2.16 1.28 
Interspersion -0.17 0.14 -0.44 0.1 
Proportion Forest 0.28 0.15 -0.02 0.58 
Edge Density -0.15 0.16 -0.47 0.17 
Distance to River 0.04 0.14 -0.23 0.31 
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Table 5. Results for Specificity, Sensitivity, Area Under the Curve (AUC), and Continuous 
Boyce Index (CBI) are presented for each model. Two parks were used for this test: Upper Paint 
Branch (UPB) and Great Seneca (GSP). Threshold cutoffs for each model are as follows: 
Maximum Entropy (MaxEnt) at 0.63, Log Gaussian Cox Process (LGCP) at 0.005, and the 
Binomial GLMM at 0.72. 
 
Park Model Metric Estimate AUC CBI 

UPB LGCP sensitivity 1.00 0.59 0.57 

UPB LGCP specificity  0.02   

UPB MaxEnt sensitivity 0.72 0.64 0.06 

UPB MaxEnt specificity  0.70   

UPB Binomial sensitivity 0.33 0.57 -0.55 

UPB Binomial specificity  0.87   

GSP LGCP sensitivity 0.52 0.59 0.58 

GSP LGCP specificity  0.68   

GSP MaxEnt sensitivity 0.78 0.58 0.20 

GSP MaxEnt specificity  0.46   

GSP Binomial sensitivity 0.35 0.59 -0.3 

GSP Binomial specificity  0.90   

All LGCP-SPDE sensitivity 0.12 0.44 0.09 

All LGCP-SPDE specificity  0.95   

All MaxEnt sensitivity 0.75 0.62 0.33 

All MaxEnt specificity  0.54   

All Binomial sensitivity 0.41 0.56 -0.17 

All Binomial specificity  0.74   
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Table 6. Total area of presence habitat based on sensitivity that fell above the threshold for each 
model within independent parks. Threshold cut-offs for each model: Maximum Entropy 
(MaxEnt) is 0.63, Log Gaussian Cox Process thresholds (LGCP) is 0.005, and the Binomial 
GLMM threshold is 0.72. 

Model Great Seneca Park (GSP) Upper Paint Branch (UPB) 

MaxEnt 3.31km2 2.63km2 

LGCP 2.66km2 10.43km2 

Binomial 0.90km2 1.082km2 
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Supplemental Tables 

Table 1. Binomial-GLMM example of not including the SPDE  

 

 

  

Model  AUC Std CBI Sensitivity  Specificity 
Binomial 0.74 0.16 0.846 0.59 0.71 
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CHAPTER 3: TABLES 

Table 1. To create an appropriate grid cell size that might capture the most species across a 
community we looked at approximate home ranges throughout literature. Our goal was to find 
literature on summer sessions in urban areas. If we could not find a home range within those 
parameters, we found just an estimated home range.  
 
Species Home-range Estimates Citation 

Virginia opossum (Didelphis 
virginiana) 

0.188km2 female and 0.37km2 male Wright et al 2012 

White-tailed deer 
(Odocoileus virginianus) 

0.43km2 female and 1.37km2 male Roden-Reynolds et al., 
2022 

Raccoon (Procyon lotor) 1.05km2 females and 5.69km2 Hill et al 2023 

Coyote (Canis latrans) 0.92km2-11.1km2, 16.8km2 for 
summer rural coyotes 

Gehrt et al 2009 
(depends on transient 
or residential coyotes) 

Red fox (Vulpes vulpes) 0.37km2 core female total average 
was 2.08km2 

Kobryn et al 2023 

Gray squirrel (Sciurus 
carolinensis) 

0.0239 females and 0.0349km2 for 
males 

Tounzen et al 2012 

Eastern cottontail (Sylviagus 
floridanus) 

0.02-0.03female and male 0.02-0.05 Bond et al 2001 

Wild Turkey (Meleagris 
gallopavo) 

Summer 9.36km2 Niedzielski and 
Bowman 2016 
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Table 2. Latent Factor WAIC scores per lowest WAIC. Median of the top ranked latent factors 
was taken and used in the final model Showing the top ranked factors per grid. This is an 
example from the early summer model (ES).  
 
Grid Factors WAIC Rank 

1 6 8700.045 1 
2 7 8611.085 1 
3 8 9284.584 1 
4 6 8996.38 1 
5 6 8953.99 1 
6 7 9155.805 1 
7 8 8877.959 1 
8 8 8762.156 1 
9 7 9380.566 1 

10 8 8880.135 1 
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Table 3.  WAIC scores of the first 3 grids. This check was to see if any of the covariates 
performed better than the null. This was done along with checking beta estimates to see if there 
was any dramatic change across species. This example is from the early summer model but was 
done for bot models.  
Grid Covariate WAIC 
1 major_road_diste 8728.308 
1 building_dens 8729.536 
1 protect_100r 8730.932 
1 tca 8733.836 
1 light_poll 8738.434 
1 traildense 8739.068 
1 NULL 8740.197 
1 dem_scaled 8740.639 
2 major_road_diste 8642.696 
2 light_poll 8642.948 
2 building_dens 8643.338 
2 NULL 8645.143 
2 protect_100r 8649.16 
2 traildense 8649.902 
2 dem_scaled 8650.181 
2 tca 8663.333 
3 building_dens 9321.383 
3 light_poll 9322.228 
3 major_road_diste 9322.77 
3 protect_100r 9322.781 
3 tca 9323.859 
3 traildense 9324.053 
3 NULL 9327.961 
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Table 4. Summarizes early summer occupancy and detection parameter estimates for eight 
species. Occupancy intercepts indicate baseline probabilities of site use. Detection intercepts 
reflect the probability of detecting a species during surveys, with gray squirrels showing the 
highest detectability 
 
 
Early Summer Species Intercept 
Parameter Mean SD Q2.5 Q50 Q97.5 
(Intercept)-WTD 5.44 1.27 3.39 5.28 8.35 
(Intercept)-Opossum -3.40 0.83 -5.25 -3.34 -1.95 
(Intercept)-Red_Fox 0.70 0.60 -0.47 0.68 1.92 
(Intercept)-Coyote -0.84 0.72 -2.27 -0.84 0.58 
(Intercept)-Raccoon 1.32 0.70 0.04 1.29 2.78 
(Intercept)-Gray_Squirrel 0.25 0.66 -1.01 0.24 1.58 
(Intercept)-Cottontail -3.17 0.85 -5.02 -3.12 -1.68 
(Intercept)-Turkey -3.96 1.44 -6.73 -3.99 -1.00 
 
Early Summer Species Detection 
(Intercept)-WTD -2.60 0.58 -3.74 -2.60 -1.47 
(Intercept)-Opossum -5.26 3.25 -12.51 -4.97 0.35 
(Intercept)-Red_Fox -5.06 1.15 -7.38 -5.05 -2.86 
(Intercept)-Coyote -2.39 1.74 -5.84 -2.39 1.05 
(Intercept)-Raccoon -4.94 1.02 -6.96 -4.93 -2.97 
(Intercept)-Gray_Squirrel 2.40 1.08 0.28 2.40 4.53 
(Intercept)-Cottontail -4.14 2.09 -8.45 -4.08 -0.20 
(Intercept)-Turkey -2.90 2.26 -7.47 -2.88 1.49 
Day-WTD 0.01 0.00 0.00 0.01 0.02 
Day-Opossum 0.00 0.02 -0.03 0.00 0.04 
Day-Red_Fox 0.01 0.01 0.00 0.01 0.03 
Day-Coyote 0.00 0.01 -0.02 0.00 0.02 
Day-Raccoon 0.01 0.01 0.00 0.01 0.02 
Day-Gray_Squirrel -0.02 0.01 -0.03 -0.02 -0.01 
Day-Cottontail 0.01 0.01 -0.01 0.01 0.03 
Day-Turkey 0.00 0.01 -0.02 0.00 0.02 
n_stations-WTD 0.53 0.13 0.30 0.53 0.80 
n_stations-Opossum 0.40 0.38 -0.40 0.42 1.11 
n_stations-Red_Fox 0.36 0.19 -0.07 0.39 0.66 
n_stations-Coyote 0.00 0.25 -0.50 0.00 0.46 
n_stations-Raccoon 0.36 0.19 -0.04 0.41 0.65 
n_stations-Gray_Squirrel 0.12 0.24 -0.46 0.17 0.45 
n_stations-Cottontail -0.03 0.28 -0.67 0.00 0.44 
n_stations-Turkey 0.43 0.41 -0.43 0.45 1.21 
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Table 5. Early summer (ES) covariate results. This model was run from June-July 2023 camera 
data on 8 species within Montgomery, County Maryland. This table reports betas as well as odds 
ratio (OR). For White-tail deer (WTD), opossum (OPO), red fox (RF), coyote (COY), raccoon 
(RAC), gray squirrel (GS), cottontail rabbit (RAB), and turkey (TUR). 
 
Species Parameter Mean SD Q2.5 Q50 Q97.5 OR 

mean 
OR 

Q2.5 
OR 

Q97.5 

WTD Protected Area 0.08 0.62 -1.18 0.09 1.30 1.09 0.31 3.66 
OPO Protected Area 0.42 0.68 -0.81 0.38 1.88 1.52 0.45 6.54 
RF Protected Area -0.16 0.50 -1.19 -0.15 0.80 0.85 0.30 2.23 
COY Protected Area 0.27 0.54 -0.75 0.25 1.38 1.30 0.47 3.99 
RAC Protected Area 0.35 0.51 -0.63 0.33 1.39 1.41 0.54 4.03 
GS Protected Area 0.40 0.58 -0.70 0.39 1.60 1.50 0.50 4.93 
RAB Protected Area 0.52 0.64 -0.59 0.47 1.91 1.68 0.55 6.73 
TUR Protected Area -0.02 0.56 -1.19 -0.01 1.04 0.98 0.30 2.84 
WTD Building Density 0.05 0.78 -1.55 0.07 1.54 1.05 0.21 4.65 
OPO Building Density 0.11 1.02 -2.20 0.18 1.91 1.12 0.11 6.78 
RF Building Density 0.92 0.69 -0.38 0.90 2.36 2.52 0.68 10.56 
COY Building Density 0.24 0.63 -1.03 0.25 1.45 1.28 0.36 4.28 
RAC Building Density 1.00 0.78 -0.40 0.95 2.70 2.73 0.67 14.86 
GS Building Density 1.15 0.76 -0.31 1.13 2.72 3.17 0.73 15.19 
RAB Building Density 0.62 0.69 -0.71 0.60 2.03 1.86 0.49 7.63 
TUR Building Density -0.57 0.97 -2.80 -0.45 0.99 0.57 0.06 2.70 
WTD Trail Density 0.72 0.63 -0.38 0.68 2.11 2.06 0.68 8.23 
OPO Trail Density 0.57 0.67 -0.69 0.55 1.97 1.77 0.50 7.17 
RF Trail Density 0.54 0.53 -0.46 0.53 1.61 1.72 0.63 5.01 
COY Trail Density 0.47 0.57 -0.64 0.46 1.59 1.59 0.53 4.91 
RAC Trail Density 0.58 0.56 -0.45 0.56 1.73 1.78 0.64 5.64 
GS Trail Density 0.43 0.56 -0.65 0.43 1.53 1.54 0.52 4.63 
RAB Trail Density 0.31 0.59 -0.91 0.32 1.43 1.36 0.40 4.18 
TUR Trail Density 0.35 0.59 -0.85 0.37 1.49 1.42 0.43 4.42 
WTD Elevation -0.07 0.54 -1.18 -0.07 0.99 0.93 0.31 2.69 
OPO Elevation 0.08 0.59 -1.05 0.06 1.30 1.08 0.35 3.66 
RF Elevation 0.11 0.48 -0.81 0.09 1.11 1.11 0.45 3.03 
COY Elevation -0.31 0.49 -1.33 -0.28 0.61 0.74 0.27 1.84 
RAC Elevation 0.19 0.52 -0.75 0.16 1.32 1.21 0.47 3.75 
GS Elevation -0.11 0.48 -1.07 -0.10 0.82 0.89 0.34 2.27 
RAB Elevation 0.00 0.51 -1.03 0.00 1.01 1.00 0.36 2.75 
TUR Elevation 0.15 0.54 -0.87 0.14 1.29 1.17 0.42 3.64 
WTD Dist to major rd 0.38 0.72 -1.01 0.36 1.90 1.46 0.36 6.68 
OPO Dist to major rd 0.74 0.81 -0.70 0.68 2.58 2.09 0.50 13.14 
RF Dist to major rd 0.69 0.54 -0.33 0.68 1.81 2.00 0.72 6.11 
COY Dist to major rd 0.49 0.54 -0.54 0.48 1.58 1.64 0.58 4.86 
RAC Dist to major rd 0.67 0.60 -0.46 0.66 1.92 1.96 0.63 6.80 
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GS Dist to major rd -0.46 0.70 -1.99 -0.41 0.77 0.63 0.14 2.15 
RAB Dist to major rd -0.09 0.70 -1.61 -0.03 1.15 0.92 0.20 3.16 
TUR Dist to major rd 1.10 0.66 -0.04 1.05 2.55 3.02 0.96 12.76 
WTD Total Core Area -0.05 0.65 -1.32 -0.06 1.27 0.95 0.27 3.56 
OPO Total Core Area 0.11 0.71 -1.19 0.09 1.63 1.12 0.30 5.11 
RF Total Core Area 0.04 0.55 -1.03 0.03 1.13 1.04 0.36 3.11 
COY Total Core Area 0.06 0.55 -0.99 0.05 1.16 1.06 0.37 3.18 
RAC Total Core Area 0.23 0.59 -0.87 0.20 1.49 1.25 0.42 4.42 
GS Total Core Area -0.13 0.56 -1.24 -0.12 0.95 0.88 0.29 2.58 
RAB Total Core Area -0.40 0.65 -1.84 -0.35 0.75 0.67 0.16 2.12 
TUR Total Core Area -0.47 0.71 -2.04 -0.41 0.77 0.63 0.13 2.16 



100 
 

Table 6. Late summer occupancy and detection parameter estimates for eight species. These 
results are from the 2023 data set. Occupancy intercepts indicate baseline probabilities of site 
use. Detection intercepts reflect the probability of detecting a species during surveys, with gray 
squirrels showing the highest detectability 
 
Early Summer Species Intercept 
Parameter Mean SD Q2.5 Q50 Q97.5 
(Intercept)-WTD 5.44 1.27 3.39 5.28 8.35 
(Intercept)-Opossum -3.40 0.83 -5.25 -3.34 -1.95 
(Intercept)-Red_Fox 0.70 0.60 -0.47 0.68 1.92 
(Intercept)-Coyote -0.84 0.72 -2.27 -0.84 0.58 
(Intercept)-Raccoon 1.32 0.70 0.04 1.29 2.78 
(Intercept)-Gray_Squirrel 0.25 0.66 -1.01 0.24 1.58 
(Intercept)-Cottontail -3.17 0.85 -5.02 -3.12 -1.68 
(Intercept)-Turkey -3.96 1.44 -6.73 -3.99 -1.00 
Early Summer Species Detection 
(Intercept)-WTD 0.57 0.78 -0.96 0.57 2.10 
(Intercept)-Opossum -4.16 2.64 -9.95 -3.94 0.53 
(Intercept)-Red_Fox -3.05 1.28 -5.58 -3.02 -0.60 
(Intercept)-Coyote -2.41 1.92 -6.25 -2.39 1.38 
(Intercept)-Raccoon -2.18 1.28 -4.72 -2.18 0.35 
(Intercept)-Gray_Squirrel -6.24 1.36 -8.94 -6.23 -3.60 
(Intercept)-Cottontail -1.86 2.05 -5.85 -1.88 2.26 
(Intercept)-Turkey -2.56 2.83 -8.39 -2.49 3.01 
Day-WTD -0.01 0.00 -0.01 -0.01 0.00 
Day-Opossum 0.01 0.01 -0.01 0.01 0.03 
Day-Red_Fox 0.00 0.01 -0.01 0.00 0.01 
Day-Coyote 0.00 0.01 -0.02 0.00 0.01 
Day-Raccoon 0.00 0.01 -0.01 0.00 0.01 
Day-Gray_Squirrel 0.02 0.01 0.01 0.02 0.03 
Day-Cottontail 0.00 0.01 -0.02 0.00 0.02 
Day-Turkey -0.01 0.01 -0.03 -0.01 0.02 
n_stations-WTD 0.43 0.12 0.26 0.40 0.71 
n_stations-Opossum -0.14 0.45 -1.07 -0.13 0.72 
n_stations-Red_Fox 0.30 0.14 -0.01 0.30 0.55 
n_stations-Coyote 0.21 0.22 -0.26 0.22 0.62 
n_stations-Raccoon 0.28 0.17 -0.19 0.31 0.54 
n_stations-Gray_Squirrel 0.18 0.22 -0.42 0.22 0.49 
n_stations-Cottontail -0.39 0.27 -0.99 -0.37 0.10 
n_stations-Turkey 0.14 0.45 -0.76 0.14 1.06 
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Table 7. Late Summer (LS) covariate results. This model was run from June-July 2023 camera 
data on 8 species within Montgomery County, Maryland. This table reports betas as well as the 
odds ratio (OR). For White-tail deer (WTD), opossum (OPO), red fox (RF), coyote (COY), 
raccoon (RAC), gray squirrel (GS), cottontail rabbit (RAB), and turkey (TUR). 
 

Species Parameter 
Mean SD Q2.5 Q50 Q97.5 

OR 
mean 

OR 
Q2.5 OR Q50 

OR 
Q97.5 

WTD Protected 
Area 0.17 0.67 -1.22 0.18 1.46 1.18 0.30 1.20 4.31 

OPO Protected 
Area 0.54 0.55 -0.50 0.51 1.69 1.71 0.61 1.67 5.40 

RF Protected 
Area -0.35 0.57 -1.48 -0.35 0.74 0.70 0.23 0.71 2.10 

COY Protected 
Area 0.33 0.58 -0.79 0.32 1.51 1.39 0.45 1.38 4.52 

RAC Protected 
Area 0.05 0.60 -1.19 0.07 1.19 1.05 0.30 1.07 3.29 

GS Protected 
Area 0.63 0.58 -0.45 0.61 1.82 1.88 0.64 1.84 6.18 

RAB Protected 
Area 0.90 0.68 -0.27 0.84 2.42 2.47 0.76 2.31 11.26 

TUR Protected 
Area 0.44 0.71 -0.88 0.41 1.93 1.55 0.41 1.50 6.89 

WTD Building 
Density 0.44 0.63 -0.85 0.45 1.65 1.55 0.43 1.57 5.23 

OPO Building 
Density 0.51 0.57 -0.66 0.53 1.58 1.66 0.52 1.69 4.84 

RF Building 
Density 0.89 0.57 -0.21 0.88 2.06 2.43 0.81 2.40 7.84 

COY Building 
Density 0.39 0.55 -0.75 0.41 1.41 1.48 0.47 1.51 4.10 

RAC Building 
Density 0.64 0.56 -0.47 0.64 1.76 1.90 0.62 1.90 5.83 

GS Building 
Density 0.96 0.61 -0.20 0.94 2.22 2.60 0.82 2.56 9.21 

RAB Building 
Density 0.81 0.59 -0.32 0.80 2.02 2.25 0.73 2.22 7.52 

TUR Building 
Density 0.39 0.65 -0.99 0.42 1.61 1.48 0.37 1.52 4.98 

WTD Trail Density 0.76 0.69 -0.43 0.69 2.30 2.13 0.65 2.00 9.96 
OPO Trail Density 0.19 0.56 -0.93 0.20 1.26 1.21 0.39 1.22 3.52 
RF Trail Density 0.75 0.66 -0.37 0.68 2.29 2.11 0.69 1.97 9.87 
COY Trail Density 0.25 0.64 -1.01 0.23 1.59 1.28 0.36 1.26 4.89 
RAC Trail Density 0.51 0.56 -0.53 0.49 1.67 1.66 0.59 1.63 5.33 
GS Trail Density 0.83 0.59 -0.24 0.81 2.07 2.30 0.79 2.24 7.95 
RAB Trail Density 0.31 0.61 -0.91 0.32 1.49 1.37 0.40 1.38 4.43 
TUR Trail Density 0.34 0.63 -0.92 0.34 1.57 1.40 0.40 1.41 4.79 
WTD Elevation -0.53 0.56 -1.69 -0.51 0.54 0.59 0.18 0.60 1.72 
OPO Elevation -0.67 0.52 -1.77 -0.64 0.27 0.51 0.17 0.53 1.31 
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RF Elevation -0.48 0.46 -1.42 -0.47 0.41 0.62 0.24 0.62 1.51 
COY Elevation -0.49 0.47 -1.45 -0.48 0.42 0.61 0.23 0.62 1.53 
RAC Elevation -0.30 0.51 -1.30 -0.31 0.71 0.74 0.27 0.74 2.04 
GS Elevation -0.49 0.49 -1.46 -0.48 0.45 0.61 0.23 0.62 1.57 
RAB Elevation -0.51 0.50 -1.51 -0.50 0.47 0.60 0.22 0.60 1.60 
TUR Elevation -0.91 0.67 -2.47 -0.84 0.19 0.40 0.08 0.43 1.20 
WTD Dist to major 

rd -0.14 0.56 -1.21 -0.14 0.99 0.87 0.30 0.87 2.70 
OPO Dist to major 

rd 0.04 0.52 -0.96 0.03 1.09 1.04 0.38 1.03 2.97 
RF Dist to major 

rd -0.17 0.47 -1.11 -0.17 0.74 0.84 0.33 0.85 2.09 
COY Dist to major 

rd -0.05 0.50 -1.03 -0.05 0.95 0.95 0.36 0.95 2.58 
RAC Dist to major 

rd -0.33 0.49 -1.33 -0.32 0.60 0.72 0.26 0.73 1.82 
GS Dist to major 

rd -0.46 0.52 -1.56 -0.44 0.50 0.63 0.21 0.64 1.65 
RAB Dist to major 

rd -0.36 0.57 -1.58 -0.34 0.66 0.70 0.21 0.72 1.94 
TUR Dist to major 

rd -0.06 0.59 -1.20 -0.08 1.14 0.94 0.30 0.93 3.13 
WTD Total Core 

Area 0.17 0.63 -1.02 0.15 1.49 1.19 0.36 1.16 4.44 
OPO Total Core 

Area -0.18 0.60 -1.48 -0.14 0.88 0.83 0.23 0.87 2.41 
RF Total Core 

Area 0.44 0.54 -0.57 0.42 1.55 1.55 0.57 1.52 4.73 
COY Total Core 

Area 0.41 0.55 -0.61 0.38 1.57 1.50 0.54 1.47 4.80 
RAC Total Core 

Area 0.15 0.54 -0.90 0.14 1.21 1.16 0.41 1.16 3.36 
GS Total Core 

Area 0.01 0.53 -1.07 0.01 1.03 1.01 0.34 1.01 2.79 
RAB Total Core 

Area -0.34 0.70 -1.95 -0.27 0.85 0.71 0.14 0.76 2.33 
TUR Total Core 

Area 0.03 0.65 -1.33 0.05 1.29 1.03 0.26 1.05 3.64 
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Table 8. Species-specific correlations across latent factors for early and late summer. Latent 
factors are anything not described by the covariate. Correlations indicate how the occupancy of 
one species relates to another after accounting for shared environmental or site-level effects. 

Early Summer Correlation 

 WTD Opossum 
Red 
Fox Coyote Raccoon 

Gray 
Squirrel Cottontail Turkey 

WTD 1.00 0.30 0.35 0.25 0.31 0.24 0.15 0.17 

Opossum 0.30 1.00 0.58 0.51 0.48 0.42 0.32 0.26 

Red Fox 0.35 0.58 1.00 0.47 0.72 0.62 0.43 0.43 

Coyote 0.25 0.51 0.47 1.00 0.48 0.36 0.30 0.26 

Raccoon 0.31 0.48 0.72 0.48 1.00 0.58 0.36 0.42 

Gray 
Squirrel 0.24 0.42 0.62 0.36 0.58 1.00 0.62 0.17 

Cottontail 0.15 0.32 0.43 0.30 0.36 0.62 1.00 0.12 

Turkey 0.17 0.26 0.43 0.26 0.42 0.17 0.12 1.00 

Late Summer Correlation 

 WTD Opossum 
Red 
Fox Coyote Raccoon 

Gray 
Squirrel Cottontail Turkey 

WTD 1.00 0.41 0.38 0.29 0.30 0.29 0.24 0.20 

Opossum 0.41 1.00 0.66 0.49 0.47 0.56 0.43 0.42 

Red Fox 0.38 0.66 1.00 0.57 0.62 0.58 0.53 0.33 

Coyote 0.29 0.49 0.57 1.00 0.39 0.30 0.34 0.17 

Raccoon 0.30 0.47 0.62 0.39 1.00 0.40 0.35 0.23 

Gray 
Squirrel 0.29 0.56 0.58 0.30 0.40 1.00 0.55 0.42 

Cottontail 0.24 0.43 0.53 0.34 0.35 0.55 1.00 0.26 

Turkey 0.20 0.42 0.33 0.17 0.23 0.42 0.26 1.00 
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Table 9. Early summer occupancy by park. For each species occupancy was taken with an 
average and confidence intervals.  
 

Park CJ GS LB MB RC SC UPB WE 

Mean_WTD 0.98 0.97 0.97 0.98 0.97 0.97 0.94 0.98 

CI2.5_WTD 0.94 0.96 0.93 0.97 0.94 0.95 0.87 0.95 

CI97.5_WTD 0.99 0.99 0.99 0.99 0.99 0.98 0.98 0.99 

Mean_Opossum 0.46 0.49 0.4 0.46 0.3 0.29 0.26 0.36 

CI2.5_Opossum 0.2 0.28 0.16 0.27 0.15 0.21 0.16 0.21 

CI97.5_Opossum 0.76 0.73 0.72 0.62 0.64 0.44 0.36 0.54 

Mean_Red_Fox 0.69 0.6 0.55 0.85 0.63 0.88 0.43 0.35 

CI2.5_Red_Fox 0.26 0.22 0.16 0.76 0.18 0.77 0.15 0.16 

CI97.5_Red_Fox 0.92 0.94 0.91 0.92 0.92 0.95 0.77 0.8 

Mean_Coyote 0.38 0.49 0.27 0.33 0.37 0.23 0.11 0.22 

CI2.5_Coyote 0.09 0.2 0.07 0.15 0.1 0.12 0.05 0.08 

CI97.5_Coyote 0.74 0.8 0.67 0.59 0.76 0.52 0.18 0.46 

Mean_Raccoon 0.83 0.67 0.54 0.89 0.7 0.84 0.56 0.63 

CI2.5_Raccoon 0.35 0.29 0.16 0.79 0.2 0.56 0.22 0.27 

CI97.5_Raccoon 0.97 0.97 0.93 0.96 0.96 0.95 0.86 0.92 

Mean_Gray_Squirrel 0.64 0.41 0.24 0.36 0.6 0.82 0.23 0.3 

CI2.5_Gray_Squirrel 0.15 0.06 0.04 0.17 0.15 0.63 0.09 0.11 

CI97.5_Gray_Squirrel 0.92 0.85 0.66 0.79 0.93 0.93 0.58 0.63 

Mean_Cottontail 0.26 0.21 0.1 0.19 0.26 0.3 0.07 0.07 

CI2.5_Cottontail 0.05 0.05 0.02 0.05 0.05 0.13 0.04 0.03 

CI97.5_Cottontail 0.69 0.61 0.43 0.59 0.67 0.65 0.13 0.15 

Mean_Turkey 0.06 0.21 0.16 0.31 0.04 0.05 0.15 0.15 

CI2.5_Turkey 0.02 0.04 0.03 0.07 0.01 0.03 0.03 0.03 

CI97.5_Turkey 0.13 0.53 0.59 0.66 0.08 0.08 0.46 0.55 
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Table 10. Late summer occupancy by park. For each species occupancy was taken with an 
average and confidence intervals.  
 
Park CJ GS LB MB RC SC UPB WE 
Mean_WTD 0.98 0.97 0.96 0.98 0.99 0.98 0.93 0.97 
CI2.5_WTD 0.95 0.94 0.91 0.96 0.96 0.97 0.85 0.94 
CI97.5_WTD 0.98 0.97 0.96 0.98 0.99 0.98 0.93 0.97 
Mean_Opossum 0.15 0.17 0.10 0.17 0.13 0.13 0.04 0.08 
CI2.5_Opossum 0.03 0.05 0.01 0.03 0.03 0.07 0.02 0.03 
CI97.5_Opossum 0.15 0.17 0.10 0.17 0.13 0.13 0.04 0.08 
Mean_Red_Fox 0.76 0.40 0.66 0.52 0.68 0.87 0.22 0.34 
CI2.5_Red_Fox 0.32 0.11 0.18 0.17 0.22 0.80 0.07 0.10 
CI97.5_Red_Fox 0.76 0.40 0.66 0.52 0.68 0.87 0.22 0.34 
Mean_Coyote 0.57 0.44 0.45 0.41 0.46 0.25 0.21 0.29 
CI2.5_Coyote 0.17 0.16 0.14 0.14 0.17 0.18 0.10 0.13 
CI97.5_Coyote 0.57 0.44 0.45 0.41 0.46 0.25 0.21 0.29 
Mean_Raccoon 0.76 0.47 0.50 0.72 0.79 0.80 0.41 0.53 
CI2.5_Raccoon 0.37 0.18 0.17 0.34 0.34 0.56 0.17 0.23 
CI97.5_Raccoon 0.76 0.47 0.50 0.72 0.79 0.80 0.41 0.53 
Mean_Gray 
Squirrel 0.71 0.41 0.32 0.38 0.65 0.84 0.22 0.46 
CI2.5_Gray 
Squirrel 0.27 0.12 0.07 0.15 0.23 0.77 0.09 0.13 
CI97.5_Gray 
Squirrel 0.71 0.41 0.32 0.38 0.65 0.84 0.22 0.46 
Mean_Cottontail 0.34 0.12 0.11 0.23 0.32 0.23 0.11 0.06 
CI2.5_Cottontail 0.07 0.04 0.01 0.04 0.07 0.13 0.03 0.02 
CI97.5_Cottontail 0.34 0.12 0.11 0.23 0.32 0.23 0.11 0.06 
Mean_Turkey 0.16 0.22 0.14 0.15 0.21 0.14 0.06 0.17 
CI2.5_Turkey 0.06 0.07 0.04 0.05 0.06 0.10 0.04 0.06 
CI97.5_Turkey 0.16 0.22 0.14 0.15 0.21 0.14 0.06 0.17 
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CHAPTER 4: TABLES 

Table 1. Posterior mean estimates and 95% credible intervals for beta coefficients from the 
binomial GLMM-SPDE model of tick species distribution in 2023. Estimates reflect the effect of 
landscape covariates on the probability of tick occurrence across sites. 

 mean sd 0.025 0.5quant 0.975 

Intercept -0.65 0.95 -2.51 -0.65 1.21 

Forest 0.39 0.13 0.12 0.39 0.65 

Building -0.08 0.13 -0.34 -0.08 0.18 

Elevation 0.41 0.14 0.12 0.41 0.69 

Edge -0.20 0.13 -0.46 -0.20 0.07 

Trail -0.02 0.14 -0.30 -0.02 0.26 
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Table 2. Estimates for beta coefficients from the SECR (spatially explicit capture–recapture) 
model of white-footed mouse density in 2023. Estimates indicate the influence of landscape 
covariates on mouse abundance across the study area. 

Parameter Median Mean 0.025 0.975 

Building -0.19 -0.20 -0.63 0.22 

Elevation -0.10 -0.08 -0.56 0.38 

Edge 0.73 0.66 0.43 0.96 

Forest 0.16 0.16 0.02 0.29 

Trail 0.03 0.02 -0.09 0.15 
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Table 3. Posterior estimates of community-level occupancy and detection for mesocarnivores 
from the latent variable joint species distribution model (LV-JSDM) with imperfect detection for 
2023 summer data (June-July). Occupancy probability estimates reflect the mean effect of 
landscape covariates on species presence across the community. 

Occupancy Probability 

Parameter Mean SD Q2.5 Q50 Q97.5 

(Intercept) -0.43 1.04 -2.44 -0.44 1.69 

Edge 0.90 1.10 -1.28 0.90 3.06 

Building 0.66 1.10 -1.52 0.67 2.81 

Trail 0.07 0.65 -1.20 0.07 1.37 

Elevation 0.57 0.85 -1.16 0.56 2.31 

Forest 1.22 1.06 -0.90 1.23 3.30 

Detection Probability 

(Intercept) 1.03 1.24 -1.48 1.05 3.39 

Day -0.02 0.30 -0.63 -0.02 0.59 
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Table 4. Posterior estimates of species-specific occupancy and detection probabilities for 
mesocarnivores from the latent variable joint species distribution model (LV-JSDM) with 
imperfect detection. Occupancy probability estimates represent the mean effect of landscape 
covariates on the presence of red foxes, coyotes, and raccoons at the species level. This 
analysis was conducted using 2023 data for the summer months of June–July. Covariates 
included in the model are: edge density (ed), building density (building_dense), trail density 
(traildense), scaled elevation (dem_scaled), and proportion of forest cover (prop_forest). 
Detection probability was modeled with an intercept and day-to-day variation (Day) for each 
species. 
 

Occupancy Probability 

Parameter Mean SD Q2.5 Q50 Q97.5 

(Intercept)-Red_Fox -0.32 1.03 -2.32 -0.34 1.74 

(Intercept)-Coyote -1.59 1.46 -4.81 -1.45 0.95 

(Intercept)-Raccoon 0.19 1.18 -1.98 0.13 2.68 

ed-Red_Fox 1.25 1.18 -1.00 1.21 3.63 

ed-Coyote 0.69 1.25 -1.76 0.69 3.12 

ed-Raccoon 1.25 1.27 -1.11 1.21 3.90 

building_dens-Red_Fox 0.90 1.19 -1.39 0.88 3.33 

building_dens-Coyote 0.57 1.35 -2.18 0.60 3.15 

building_dens-Raccoon 0.86 1.29 -1.61 0.84 3.46 

traildense-Red_Fox 0.29 0.56 -0.78 0.28 1.45 

traildense-Coyote -0.23 0.62 -1.54 -0.21 0.92 

traildense-Raccoon 0.16 0.65 -1.01 0.12 1.59 

dem_scaled-Red_Fox 0.94 0.75 -0.37 0.87 2.61 

dem_scaled-Coyote -0.04 0.99 -2.18 0.00 1.83 

dem_scaled-Raccoon 1.11 0.89 -0.40 1.02 3.14 

prop_forest-Red_Fox 1.08 1.06 -0.98 1.07 3.23 

prop_forest-Coyote 1.83 1.48 -0.56 1.67 5.34 

prop_forest-Raccoon 1.60 1.22 -0.59 1.52 4.28 
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Detection Probably 

(Intercept)-Red_Fox 1.84 1.64 -1.13 1.73 5.45 

(Intercept)-Coyote 1.31 2.75 -3.40 1.19 6.49 

(Intercept)-Raccoon 1.13 1.35 -1.51 1.12 3.84 

Day-Red_Fox -0.02 0.01 -0.04 -0.02 -0.01 

Day-Coyote -0.02 0.02 -0.05 -0.02 0.00 

Day-Raccoon -0.02 0.01 -0.03 -0.02 0.00 
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Table 5. Correlations among latent factors from the latent variable joint species distribution 
model (LV-JSDM) for mesocarnivores in 2023 (June–July). These latent factor correlations 
represent residual species associations that are not explained by the included landscape 
covariates (edge density, building density, trail density, scaled elevation, and proportion of 
forest cover). Values in the table represent the posterior mean correlation between species-
specific latent factors, indicating the strength and direction of residual co-occurrence patterns. 
 
 

Red Fox Coyote Raccoon 

Red Fox 1.00 0.50 0.74 

Coyote 0.50 1.00 0.59 

Raccoon 0.74 0.59 1.00 
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Table 6. Estimates from the N-mixture model for white-tailed deer abundance in 2023. The 
model incorporated site-level landscape covariates (building density, scaled elevation, edge 
density, proportion of forest, and trail density) and a random effect for Park to account for 
heterogeneity among parks. Mean estimates and 95% credible intervals (Q2.5–Q97.5) are 
reported for each parameter. 
 

Parameter Mean Q2.5 Q97.5 

(Intercept) 1.77 1.29 2.23 

Building -0.31 -0.63 0.01 

Elevation 0.00 -0.22 0.26 

Edge 0.24 -0.23 0.76 

Forest -0.14 -0.55 0.28 

sigma [1|Park] 0.35 0.05 1.05 

Trail 0.18 -0.06 0.46 
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Table 7. Correlations between site-level species estimates and the presence of ticks with 
documented pathogens in 2023. Point-biserial correlations were calculated for each species or 
metric, as the disease presence metric is binary while the species estimates are continuous. P-
values were generated using two-sample t-tests, because the R function for point-biserial 
correlation provides only the raw correlation coefficient. Positive correlations indicate that 
higher species values were associated with sites where disease was detected. 
 

Variable Point Biserial P value 

Mouse Density -0.26 0.26 

Tick Probability 0.53 0.02 

WTD Abundance 0.37 0.12 

Red Fox Occupancy 0.21 0.35 

Raccoon Raccoon Occupancy 0.29 0.21 

Coyote Occupancy -0.05 0.84 
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Table 8. GLMM binomial model results for species-level predictors of disease detection at 
camera sites in 2023. Each model included park as a random effect and assessed detection 
(presence/absence) of disease as the response variable. Posterior mean estimates, standard 
deviations, and 95% credible intervals (Q2.5–Q97.5) are provided for each covariate, along 
with WAIC for model 
Comparison. 
 

Raccoon GLMM 

Covariate mean sd Q2.5 Q97.5 

Intercept -0.49 0.46 -1.39 0.40 

Tick Probability  1.56 0.62 0.34 2.77 

Raccoon 
Occupancy 

-0.46 0.58 -1.59 0.68 

Mouse Density 0.10 0.58 -1.05 1.24 

WTD 
Abundance 

1.50 0.70 0.14 2.87 

Coyote 
Occupancy 

0.73 0.58 -0.40 1.86 

Red Fox GLMM 

Intercept -0.50 0.46 -1.40 0.39 

Tick Probability  1.48 0.59 0.32 2.63 

Red Fox 
Occupancy 

-0.44 0.60 -1.61 0.74 

Mouse Density 0.12 0.58 -1.02 1.26 

WTD 
Abundance 

1.48 0.69 0.12 2.83 

Coyote 
Occupancy 

0.53 0.56 -0.55 1.62 
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Figures 

CHAPTER 2: FIGURES 

Figure 1.  This figure shows our study sites, urban parks, and an example of how each model is 
built. This study was from 2023-2024 in Montgomery County, Maryland. MaxEnt is reliant on 
background point and raster files, whereas GLMM-SPDE incorporates a spatial field as a random 
effect that explains models for autocorrelation. 
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Figure 2. A breakdown of what a circle plot for tick sampling looks like in this study. In total 6, 
200 meter transects were selected to walk for each month covering the whole circle per year.  
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Figure 3. Maxent Average Omission Plot, which shows how well a model predicts presence 
points. The plot shows that the MaxEnt model is not overfitting and underpredicting, and 
therefore, we ran a sensitivity, specificity, and True Skill Statistic (TSS).  
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Figure 4: Area Under the Receiver Operating Characteristic Curve (ROC, AUC) was calculated 
for each model with the ROC curve for k-folds. Maximum Entropy (MaxEnt) (AUC = 0.764), 
Log Gaussian Cox Process (LGCP) without spatial structure (AUC = 0.756), and Binomial 
GLMM with SPDE spatial fields (AUC = 0.853). The red line shows the mean ROC curve 
across replicates, the blue shading indicates ±1 standard deviation, and the diagonal gray line 
represents random prediction. 

  



119 
 

Figure 5. MaxEnt jackknife results for covariate power. Jackknife method is important for 
evaluating the contribution and predictive power of each environmental covariate 
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Figure 6: Prediction maps made by all three species distribution models. A) is Maximum 
Entropy (Maxent), B) Log Gaussian Cox Process (LGCP) SPDE and C) is the Binomial SPDE 
map. This map show a section of the full map looking at Sligo Creek Stream Valley Park (SCS).  

C
 

A
 

B
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Figure 7. Sensitivity and Specificity of independent parks Upper Paint Branch (UPB), Great 
Seneca (GS), and combined for all models. Models includes Maximum Entropy (MaxEnt), Log 
Gaussian Cox Process (LGCP), and Binomial SPDE-GLMM 
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Figure 8. Prediction maps were created for each model for independent parks. Based on 
sensitivity and specificity thresholds, the total area for a true positive was calculated for each 
map. Threshold cut-offs for each model: Maximum Entropy (MaxEnt) is 0.63, Log Gaussian 
Cox Process thresholds (LGCP) is 0.005, and the Binomial GLMM threshold is 0.72. Areas of 
true presences were calculated by taking all pixels greater than the threshold, and the total area 
was calculated.  
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Supplemental Figures 
 
Figure 1.  This figure shows original MaxEnt background points created within park boundaries. 
Upon looking at the lay out of background points, we noticed that there were too many 
background points that are not realistic to what is available to ticks.  
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CHAPTER 3: FIGURES 
 
Figure 1. Shows all parks across Montgomery County. The pink background in image B. shows 
which parks follow within the urban zone. The urban zone is classified by housing density from 
the U.S. Census Bureau and State of Maryland.   
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Figure 2.  Odds ratio estimates for each species occupancy for both Early and Late summer 
models. Covariates within models where protected area (protect_area), building density 
(building_dens), trial density (traildense), elevation (dem_scaled), distance to major road 
(major_road_diste) and total core area.  
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Figure 3. Correlation  tables for early and late summer models. Correlations are built from latent 
variables that are supplied to the model. Anything not described by the covariates is picked up by 
the latent factor. 
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Figure 4. Occupancy by species is arranged from most urban to rural parks (see figure 1). 
Graphs should show both early and late summer occupancy for all parks in 2023.  

 



128 
 



129 
 

CHAPTER 4: FIGURES 
 
Figure 1. Example of sampling design in Cabin John Regional Park, Maryland. The figure 
shows the locations of all camera trap stations, tick-specific cameras, and mouse trapping sites. 
Tick collection areas are represented with a 100-meter radius buffer around camera points. 
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Figure 2. Point-biserial correlations between species abundance or occupancy and sites with 
detected tick-borne disease. Each bar represents the strength and direction of the correlation for 
white-footed mice, ticks, white-tailed deer, red foxes, raccoons, and coyotes. P-values from t-
tests are displayed within the bars to indicate statistical significance. Positive correlations 
indicate higher species presence at sites with disease, whereas negative correlations indicate 
lower presence. 
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